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Abstract
Data mining has been successfully used by financial and retail companies since the mid1960’s to create predictive models and reveal unexpected relationships. However, it remains
underutilized as a tool in educational research. Large-scale standardized assessment programs such
as the Trends in International Mathematics and Science Study (TIMSS) provide vast amounts of
data with the potential for providing new insights in education. Five nations, the Republic of Korea,
the United States, Germany, Kuwait, and Kazakhstan were selected based on General Response
Style theory to represent a spectrum of cultural backgrounds, from acquiescent to midpoint to
individualistic (Hastedt, D. & van de Vijver, F. J. R., 2017). The data mining technique of Random
Forest was used to create a series of models to predict student achievement in mathematics using
items from the TIMSS 2015 4th Grade background questionnaires for students, teachers, and
principals. The final collective model reduced the number of variables from 398 to 23 and was
able to predict student achievement. Variables of importance included items relating to language,
reading, nutrition, experience of educators and student perception of mathematical ability.
Individual rankings for variable importance for each nation indicated acquiescent, and midpoint
nations shared more variable importance with nations of similar response style than with the
collective model. The variable importance ranking for Kazakhstan, the nation representing the
individualistic response style, neither aligned well with other nations nor the collective model.
Only two variables, the amount of books in the home and the experience of the principal, were
highly ranked by all five nations. The large discrepancies between the nation and collective models
indicates the need to address local concerns when forming education policy.
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Chapter 1: Introduction
1.1

Background of the Problem
In the 1990s the United States Congress asked the Office of Technology Assessment to

create a comprehensive report on standardized educational assessments (Office of Technology
Assessment, United States Congress, 1992). The resulting report, Testing, and American Schools
Asking the Right Questions, provided historical background to educational assessments including
the rationale behind standardized assessments of students both in the United States and globally.
Far from being a new phenomenon, standardized assessments of students have existed for centuries
with the first known testing of students occurring between 58 and 618 A.D. in China. Those
assessments were used to determine is citizens were qualified for civil service jobs.
Educational assessments in the United States were designed to serve three basic purposes:
…to aid teachers and students in the content of classroom learning; to monitor
system-wide educational outcomes; and to inform decisions about the selection,
placement, and credentialing of individual students (Office of Technology
Assessment, United States Congress, 1992, p. 10).
The crux of the three expressed purposes is the student. Are the students learning? How can we
help the teacher better help the student? Are the schools helping the student learn? Are we placing
the student in the best learning environment?
Unfortunately, some perceive standardized testing as changing education in ways that may
not be in the best interest of the child (Frederiksen, 1984; Menken, 2006). Districts receive
monetary incentives to do well on standardized testing. Doing poorly on standardized tests can
result in the closing of schools or the loss of credentials. The new nature of testing can be seen in
the unintended consequences throughout the United States. The curriculum has narrowed (Madaus,
1

1988; Menken, 2006), standardized testing has moved from formative to summative, and it is no
longer just students that cheat on tests (Anderson, 2016; Fausset & Blinder, 2015). These
consequences, both good and bad, will be explored in greater detail in section 2.5.
1.2

Statement of the Problem
Standardized testing is not inherently negative. It can provide a tremendous amount of

valuable information that can help students learn (Office of Technology Assessment, United States
Congress, 1992). It is the misuse of standardized tests that has created some of the unintended
adverse consequences of testing. To raise scores for all students, the individuality of the student is
often ignored. The unit of concern has become global ranking, and the ideal has become a single
model that explains how all students learn, without accounting for national culture.
Learning from the success of others is a tried-and-true method for improving one’s self. In
education, teachers replicate successful lessons from other teachers. It is important to note is that
the teachers choose these lessons based on their knowledge of their students. A lesson must be the
correct fit for the student if it is to have any chance at being successful. For example, in California,
teachers can teach the concept of the slope by using a ski slope. This worked for students who
often went skiing and could make the connection. However, in some areas, many students have
never been skiing. Connecting slope to skiing would be ineffective for students without that life
experience.
The same can be said regarding how students learn. A single approach does not fit all
students. What works in Italy may or may not work in New Zealand. To return to the most
important goal of helping the student learn, we must learn how students learn. Moreover, to truly
understand the child, we need to consider the whole child, including national culture.

2

1.3

Purpose of the Study
The primary goal of this study is to gain insight into the educational process. To achieve

this goal, the study used information available from the International Association for the
Evaluation of Educational Achievement (IEA). IEA is the developer of the Trends in International
Mathematics and Science Study (TIMSS) which provides detailed information about student
achievement in mathematics and science. Students, families, and educators participating in TIMSS
complete background questionnaires regarding six key educational area. The student questionnaire
is completed by each student and collects information regarding students’ attitudes and perception
about education. The teacher questionnaire is completed by each teacher and collects information
about the teachers’ backgrounds including teacher philosophies and education levels. The teacher
questionnaire also collects information regarding the classrooms surveyed in TIMSS. This
includes instructional time, class size, and technology use. The school questionnaire is completed
by the principal and addresses school climate for learning, teaching staff, and parental
environment. The home questionnaire is completed by parents/guardians and collects information
about the early childhood educational resources available in the home. A national curriculum
specialist completes the curriculum questionnaire. This questionnaire collects information
regarding national policies for attrition, retention, and educational standards. Together, the five
questionnaires provide information of how the educational process is viewed and implemented in
each nation.
The purpose of this study is to determine which variables collected from the TIMSS
background questionnaires contribute the greatest amount to an international model of student
achievement on the 4th Grade TIMSS 2015 Mathematical assessment. This model will then be used
as a base to examine how students’ achievement for individual nations can be predicted from this
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model. Of particular interest is where the international model differs for the individual. Differences
can exist in the base value (slope variance), how each factor impacts the full model (slope
variance), and on predicted scores (improper model fit). If any differences exist, they will be
explored to find the specific variables that create the difference, which will provide insight into
how national cultural relates to TIMSS achievement. Greater insight into cultural relationships
with education will assist in the creation of culturally relevant education programs.
1.4

Theoretical Framework
This study will analyze the data through the lens of critical cosmopolitanism. Critical

cosmopolitanism evolved from an earlier theory of cosmopolitanism and emphasizes a bottom-up
approach to the global good. The bottom-up approach places more value on the individual nation
as it contributes to the global society than does the top-down approach of traditional
cosmopolitanism which values global over nation. To understand the theory of critical
cosmopolitanism, it is first necessary to understand the background of cosmopolitanism in general.
1.4.1 Cosmopolitanism
As larger towns and cities formed out of the early villages, cultural groups were formed.
As these towns and cities began to form nation-states, the quest for more territory empowered led
to the creation of the earliest empires. It is within the context of these early empires that the idea
of a global citizen arose. From the Greek Kosmo meaning world and politics meaning citizen, the
term cosmopolitan was used to describe such a global citizen. The idea of a person being a
cosmopolitan is an old one indeed, as the Greek roots suggest. The Cynics and Stoics of Greece,
Plato, and Socrates all spoke of being citizens of the world (Stanford University, 2013). However,
even from its conception, the idea of being a cosmopolitan was controversial with the debate over
4

what constituted a truly cosmopolitan and whether or not it was even possible (Stanford University,
2013).
Traditional Cosmopolitanism
Cosmopolitanism is the belief that anyone can become a citizen of the world. However,
anyone who merely moves around the world, be it a tourist, migrant worker, or exile is not
necessarily a cosmopolitan (Robbins, 1992). To be a citizen of a location, be it a small town or the
world itself, one must become deeply invested in the region.
Tourists do not participate in the daily culture; they witness it on the surface while enjoying
the tourist hotspots that remind them of home (Morgan, 1995). An American traveler can find
numerous fast-food restaurants and coffee chains that serve the comforts of home while they take
in the scenery. While the visitor is in a new location physically, they are experiencing the illusion
of visiting a foreign place, but they never left their home culture. Traveling the globe has become
akin to visiting Epcot center. Others may sample local cuisine but know nothing of the local
politics or education system. This is not the ‘cosmopolitan’ Robbins spoke of in any substantive
manner. As Freire stated in Pedagogy of the Oppressed (2011), people view the world through the
lens of their reality, “the way they exist.” Visitors to a region do not see what they are viewing
because their vision is clouded by their reality. Being ignorant of everyday life in a new culture
can cause “dangerous misunderstandings and illusions.” Nothing of significance is gleaned from
these surface encounters. (Morgan, 1995, pp. 82-83).
While tourist visits other places on their terms, exiles are forced into another culture
(Robbins, 1992). Whether it be by war, famine, or political persecution and exile must leave their
homeland to provide for their families. Some may adopt local languages and customs, but their
emotional connections remain with their birthplace, and its conditions improved many would
5

prefer to return. They have become an oppressed person due to circumstance. This person is not a
cosmopolitan because they desire to be elsewhere, unlike a tourist who has been given a choice.
Tourists may have a choice in where they travel, but they lack the emotional attachment that being
a citizen provides. Neither the exile nor the tourist is a Cosmopolitan.
The question then is whether a person can indeed be a cosmopolitan. Can someone
genuinely have emotional ties to all places at the same time, or is a cosmopolitan one who transfers
citizenship as the move around? Robbins (1992) proposed that no one could be a true cosmopolitan
since that would mean belonging to all places in the world at the same time, but one could never
be a citizen of the world in the same way that a person is a citizen of a nation.
Shortcomings of Traditional Cosmopolitanism
For traditionalists, the nation-state is an obstacle to enlightenment. The goal is towards a
global, utopian society where borders do not exist. This concept is in direct opposition to patriotism
and nationalistic ideals (Noddings, 2012). During times of peace, there is a movement towards
unity and the removal of borders. People feel at ease to explore and immerse in unfamiliar cultures.
This openness changes when there are times of unease. Threats, either real or imagined, bring out
the call for security. Borders are tightened or closed, fear of the other increases and a need to be
around those that are known is materialized in the movement away from unity and towards
nationalism. Threats are blamed on outsiders and trust erodes. Under the guise of nationalism and
patriotism, situations arise where morality and human decency no longer matter. Citizens are
willing to compromise their moral integrity such as Hiroshima and concentration camps because
of the misguided belief that it is necessary to protect our culture (Noddings, 2012). We are willing
to do this because we are defending an ideal that is core to us, our culture. The contrast between
unity and nationalism is evident in daily life today and in the recent past.
6

The European Union was formed at a time when Europe wanted to avoid the atrocities that
occurred during World War II. By creating a union that promoted interdependence of economies,
the hope was to avoid conflict (The European Union, 2014). The success of the early European
Economic Community, as the European Union was first called, encouraged other nations to join
and for the role of the Union to increase to political and humanitarian purposed from the original
purely economic purpose (The European Union, 2014). While this seems to be a utopian ideal, not
all agreements are universal. The United Kingdom was especially hesitant on agreeing to many
of the European Union policies, specifically the Schengen region of borderless travel and the single
currency of the Euro (Trueman, 2016). The recent Brexit vote has brought these differences back
into focus. The tug-of-war that the United Kingdom experienced was one between nationalism and
cosmopolitanism. The United Kingdom’s vote to leave the European Union indicated that for
them, nationalism was the more significant need. This illustrates one of the greatest downfalls of
traditional cosmopolitanism when the needs of the local are not met; the locals will rebel (Turner,
2006).
While Europe was recovering from World War II, another event occurred with the purpose
of helping the people heal and move on. The Edinburgh International Festival of Music and Drama
began in 1947 with the idea of celebrating the arts (Bartie, 2014). Unfortunately, the organizers
held a different viewpoint of what art was compared to the local Scottish people. When a Sottish
act was excluded from the program for being of “low culture,” the people revolted by organizing
a new festival along the “Fringe” of The Edinburgh International Festival of Music and Drama.
Eventually, The Edinburgh Fringe Festival became the main festival, and The Edinburgh
International Festival of Music and Drama ended.
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What the festival organizers failed to recognize was the value of local culture. By thinking
regarding a universal standard of measure for the high culture, they insulted the very people of
Edinburg. A global society cannot be considered an extension of the nation states with all being
the same. Having a single standard undermines any connection to the local. One must understand
the local to understand the global (Turner, 2006).
While the growth of the European Union created a situation that had researchers thinking
that a truly global society and transnational citizenship could exist, the recent Brexit vote brings
this dream into question. Is it possible to have a single society that meets the goals of everyone?
As the story of the Fringe Festival further clarifies, even the nation-state may be too large of a
denominator when defining culture. When citizens are defined within a purely global context, they
lack the emotional connection needed to become an active citizen. Was Robbins correct when he
stated one could never truly be a cosmopolitan or is there another choice? The answer lies in critical
cosmopolitanism.
Critical Cosmopolitanism
As we move towards globalization in more areas, we must at the same time remember the
localities and sub-localities to increase interconnection without loss of power (Robbins, 1992). By
wrongfully if all people, indigenous, immigrant, or visitor, are all the same and should assimilate
into the dominant culture we create conditions for alienation (Turner, 2006). Alienation can occur
within local populations as well when subpopulations do not have their culture addressed. Most
United Kingdom voters who favored remaining in the European Union were young, while those
voting to leave the European Union were older. Generation lines create division within local
culture and must also be addressed, or the alienated groups will feel underutilized, marginalized,
or oppressed (Freire, 2011; Turner, 2006; Yosso, 2005).
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Marginalized groups, such as migrants, may not be recognized for the cultural wealth they
bring to society (Yosso, 2005). While migrants contribute to the overall wealth of a nation by
increasing economic growth, they are often viewed oppositely (Turner, 2006). In times when the
social tide has turned towards nationalism, this can be profoundly felt. This was one of the
significant factors in the Brexit vote and has been at the forefront of our current election.
While traditional cosmopolitanism viewed globalization as the path to Utopia, in reality,
we must embrace the borders we have. Not as a path towards nationalism, but as a guide for us to
see the differences at the local level. This is an essential aspect of critical cosmopolitanism; we
must never forget the role of the local in driving transformation if we want the complete story.
Transformations should not be thought of a globally driven, but as locally driven (Cashman, 2016).
Morgan (1995) tells the story of a viewer unfamiliar with the game of American football.
The observer concludes that the game is merely a cycle of circular, linear, and linear
interpenetration. The cycle repeats throughout the game. On the surface, this explanation is correct.
There is a circular formation (the huddle), which is followed by a linear formation (the hike,
kickoff, or punt), that is followed by a time when the linear formations of each team interact and
mix. However, this does not describe what the essence of the game is. When we speak of humans
as all being the same with a need for food, shelter, and water, and having the same moral code
with the desire to help each other, on the surface, we are talking about humanity. What is lacking
from this description is the soul of people (Morgan, 1995).
If we wish to understand the authentic culture of people, we must remember the value of
ethnocentrism in the equation (Morgan, 1995). Culture is dynamic hybridity of all that each group
does (Morgan, 1995). These activities are not equal among various cultures, and it is this
incommensurability that both enlivens and frustrates. Being incommensurate does not mean that
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it cannot be understood (Morgan, 1995). It does mean that we must look beyond our viewpoint
and see the world through the lens of the other.
While traditionalists believed that we need to get past the limitations of local culture,
critical cosmopolitanism reminds us that the local societies that are the key to a global society.
Globalization and Education
As the world moves further towards globalization, the education system appears to be
following the same trend. What to teach was once a decision left to the teacher. As differences
among content were noticed, a move towards standardization of courses was made. Textbooks
were often the first standardized ideal of what should be taught in a course. However, there were
still great differences between courses with identical titles.
The differences in what was being taught throughout the world were brought to the
forefront in 1964 with the First International Mathematics Study (FIMS), the first large-scale
international test. Today, policymakers from around the globe continue to monitor education with
Trends in International Mathematics and Science Study (TIMSS) and Program for International
Student Assessment (PISA). The results of these large-scale assessments have created heated
debate on educational reforms globally. Often, the results from large-scale assessments are
misinterpreted and create undue alarm.
During the Reagan administration, the report A Nation at Risk was published (Graham,
2013). This report was later determined to be flawed when examined more in-depth. The Sandia
Report determined that many of the statistics used in the original report be flawed (Stedman, 1994).
While it was true that there was an overall decline in SATs scores, it was due to a unique
phenomenon called the Simpson’s Paradox (Graham, 2013; Stedman, 1994). The Simpson’s
Paradox occurs when results of data analysis in a group disappears when the groups are
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reorganized or disaggregated. While the overall scores had declined, each subpopulation had in
fact increased. The discrepancy was due to a higher number of students from lower performing
groups taking the test. With more disadvantaged students being able to take college entrance
exams, the lower all score did decrease, but each group was increasing every year. By looking at
a simple number instead of the cause of the number, A Nation at Risk misinterpreted the results
and declared our students were lowering their achievement level when in fact the reverse was true.
Additionally, the report missed a significant finding. A higher number of minority students were
taking college entrance exams. Instead of our nation’s education is at risk, we were, in fact, moving
closer towards equality in education (Ansary, 2007; Graham, 2013).
In the state of Texas, a movement to ensure equality has resulted in a narrowing of the
curriculum. When NCTM published its list of mathematical standards with the intent of increasing
equity, the result was a nearly national set of education standards, the Common Core State
Standards (CCSS). Introduced as a standardizing of norms, it has also involved in a set of
standardized tests and a mandate on how to teach. With large-scale standardized assessments, the
debate started with the new ability to compare how our children are doing as opposed to everyone
else. Now the standardization movement has taken a global perspective with calls for globalized
norms in education. TIMSS 1995 assessed 35 topic areas compared to TIMSS 2015 which only
assessed 17 (IEA, 2016b). From 2007 to 2015 administrations of TIMSS the alignment between
the tested content and each nation’s education standards has increased from an average of 63% to
76% (IEA, 2016b). While the assessment programs have been designed with the purpose of
providing equality in education, the result has been a narrowing of the curriculum. The mistaken
belief is that for there to be equality; there must be equal, standardized education (Zhu, 2016).
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Globalized Standards
The problems with the globalization of standards are numerous. Many of these issues can
be viewed through the lens of critical cosmopolitanism. Critical cosmopolitanism seeks to find the
best balance between the global and the local (Cashman, 2016) and to recognize the importance of
the differences around the globe (Delanty, 2006). This contrasts with traditional cosmopolitanism
theories which hold the belief that we are one global people and differences are a myth that will
disappear once we become enlightened (Noddings, 2012). Traditional cosmopolitanism
encourages one to examine loyalties that go beyond the nation-state (Turner, 2006) and become
one single global society. Critical cosmopolitanism, on the other hand, emphasizes the local first
(Cashman, 2016). Instead of decisions being made from the global down, critical cosmopolitanism
uses a local up approach (Cashman, 2016). When viewed this way, the problems with globalized
education standards become clearer.
The most apparent issue with the globalization of standards is the language factor. We may
think we are speaking the same language when in fact our perceptions into meaning are vastly
different (Garii, 2014). Torres (2016) also encountered the issue of translation when trying to find
a Chinese translation of the phrase ‘common sense’ and had to settle on a translation that was
close. The overgeneralization of terms has led to misunderstandings because the generalizations
have deleted the thorough understanding (Robbins, 1992).
The mistaken assumption that mathematics is a universal language of just numbers can
lead to issues in translation. Something as simple as the definition of a trapezoid can confuse. Does
it have at least or precisely one pair of parallel sides? How do we decide which definition has more
merit? Whose definition matters more? Alternatively, should we say, whose culture matters more
(Yosso, 2005)? As Kumar noted (2013), the blending of two cultures, East and West, in Singapore
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leaves many concerned over whether they are losing their Asian heritage. If we choose one
definition over the other, are we saying that the ‘winning’ culture has more value?
As we make decisions in an attempt at a global curriculum, we will be faced with those
issues. However, in reality, we should not even be concerned with globalizing education. Just as
the nation-state is not static, neither is the global (Sobe, 2016). If we forget the value of the local,
we will be ignoring the importance of the contribution the local makes in the interplay between
the nation-state and the world (Amaral & Hornberg, 2016; Sobe, 2016; Torres, 2016). The key
may lie in striking a balance between the local and global as we keep the lines of communication
open between all the important actors (Cashman, 2016).
The creators of the TIMSS and PISA tests take great care in ensuring that their test
questions are equitable (Stacey, 2016). Questions are developed and translated into a multiple step
system that ensures accuracy. Field tests are conducted to further check for equity. Each testing
country is also polled towards its opinion on the equity of the questions. Finally, the completed
test bank is produced (Stacey, 2016). With these safeguards, the results can be validated to
accurately reflect the knowledge and ability as intended. Similar processes could be taken to help
account for the language differences when creating global standards; however, the vastness of
cultures across the globe make developing a single set of standards a more daunting task. Also,
any culture that feels its cultural heritage is being dismissed will become alienated (Turner, 2006).
Instead of following the same path we have been, a fresh look at the data provided in largescale studies may help us reconstruct learning (Hawkins & Rust, 2001). With the vast amount of
data available to researchers from the large-scale studies conducted by OECD and IEA, the
academic community can find ways to create equity in education without mandating sameness
(Amaral & Hornberg, 2016; Hawkins & Rust, 2001).
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1.5

Research Questions
The goal of this study is three-fold. First, to reduce the large number of variables obtained

through three background questionnaires to those with the most predictive power to model student
achievement on the 4th grade TIMSS 2015 Mathematics assessment. This was done by using a
machine learning process called Random Forest. Then, the reduced sets of variables were
combined into a single model using Random Forest to create a collective model of student
achievement. The model was tested to determine whether the collective model of student
achievement was equitable for the five nations of this study by evaluating the model using the data
from each of the nations in the study. The evaluation was done by checking the model’s predicted
score against the actual observed scores. Finally, the same set of variables was used to create
models for each nation to find how the importance of the variables changed.
To meet the goals of this study, the following questions will be addressed:
1. Which variables from each background questionnaire contribute the greatest practical
significance regarding predicting international student achievement on the 4th Grade
TIMSS 2015 Mathematics assessment?
2. How well does a collective model for predicting student achievement on the 4th Grade
TIMSS 2015 Mathematics assessment predict national student achievement?
3. How are differences in variable importance, if any, in predictive models of the 4th Grade
TIMSS 2015 Mathematics assessment related to national culture?
1.6

Significance of the Study
This study aims to dispel the notions of one-sized education. Numerous attempts have been

made to standardize education into a single method for all students. These studies often fail to take
into account the cultural impact on the learning process. By evaluating an international model for
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equity, this study intends to highlight the differences along with the commonalities that best assist
students in learning mathematics. With the gained understanding, it is hoped that educational
policies will adjust the required curriculum for mathematics to account for cultural influences.
One of the primary purposes of large-scale standardized assessments has been to guarantee
equality in education for all (OECD, 2012a). Testing is supposed to help our children by providing
insight into what and how our children learn. When gaps exist, we need to fix the problems. As
stated previously, the push for reform is evident in Germany, Brazil, and the United States.
However, there is still much to be accomplished before universal quality in education occurs. The
sheer size of the databases involved for TIMSS and PISA allows for further information to be
discovered and utilized to help further progress education. The amount of data available is a
paradise for researchers. The problem has been how to thoroughly analyze the data. One newer
technology that can help is data mining.
In 1937, Alan Turing laid the groundwork for using a computing machine to analyze large
amounts of data, currently known as big data (Turing, 1937). However, it wasn’t until the mid1960’s that a company was formed to accomplish elementary data mining programming (Li, 2015).
Finally, in the 1990’s, data mining started being used by financial and retail companies (Li, 2015).
Today, data mining is used to explore big data in an analytic process that searches for consistent
patterns and relationships (Dell, 2015). Data mining models vary, but most consist of defining the
problem, gathering and preparing data, creating and testing models, model validation, and model
deployment and interpretation (Dell, 2015).
In educational research, one of the most common ways models is created through
traditional linear regression. Traditional regression analysis requires the researcher to limit the
number of variables to a manageable amount. Even when using statistical software packages such
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as SPSS, variables are often limited to 10 or 12. Large databases, on the other hand, often have
thousands of variables and millions of samples. TIMSS and PISA sample approximately 500,000
students each cycle and with about 1000 variables. TIMSS and PISA have afforded new
opportunities with their wide array of variables. Unfortunately, the amount of information is
overwhelming to many. To try to make sense of the data, policymakers and news media tend to
look for a simple answer to how well the students of a nation performed on a test.
The most commonly cited value is the overall average score for the students. This, in turn,
is used to determine global ranking. As the scores for each TIMSS and PISA testing cycle are
released, the news is flooded with the global ranking score. But a single number does not tell the
entire story. While it has its place as an indicator, the ranking score is the least valuable of all of
the results given in each of these studies and is subject to misinterpretation.
Policymakers need to look past simple ranking scores and use the critical data that these
studies provide. PISA, for example, provides the competency levels for each participating nation
(OECD, n.d.; OECD, 2012b). The proportions of the population at each level is of more use. When
examined in full and at different subpopulations, a better picture appears. Since these results have
an enormous impact on educational policy, a more in-depth look into the real results is necessary.
Data mining techniques can be used to help uncover relationships that can be used to
advance our understanding of how students learn. In 2007 and article was published on the use of
data mining to predict performance on large-scale assessment items related to energy (Liu & Ruiz,
2008). Liu and Ruiz analyzed TIMSS and NAEP data using the decision tree method of data
mining in hopes of finding significant predictors of students’ performance. The researchers
discovered that cognitive demands were the most significant contribution to their prediction model
followed by the context, every day versus non-every day, in which the item was presented. The
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model developed by the researchers was able to predict 60% of the variance in the students’ scores
(Liu & Ruiz, 2008).
In 2015 data mining was used to help identify factors affecting science and math
achievement for students in Turkey who had participated in TIMSS 1999, PISA 2003, and PISA
2006 (Kiray, Gok, & Bozkir, 2015). The researchers for this study used both decision trees and
clustering methods of data mining. Given a large number of variables in the three databases, the
researchers limited the variables to only those they decided would have predictive value for either
science, mathematics, or both science and mathematics. The results indicated that science and
mathematics achievement were closely related to reading skills. Problem-solving skills also were
found to be significant indicators of success in mathematics and science. Additionally,
mathematics and science achievement were closely related, with the level of achievement on one
being an indicator of the level of achievement on the other (Kiray, Gok, & Bozkir, 2015).
In 2016, Melinda Whitford publishes her dissertation which created a model to predict 8thgrade student achievement on the TIMSS 2011 Science assessment (Whitford, 2016). Whitford
was able to use a combination of data mining and structural equation modeling to create a viable
model for predicting student achievement levels on TIMSS 2011 Science. Whitford’s model
consisted of seven factors, student learning experiences, teacher teaching practices, teacher attitude
and motivation, student attitude and motivation, school resources, school climate, and home
resources. Each of these factors consisted of two, three, or four variables with a total of 22 variables
included in the final model. While Whitford’s study was limited to a single TIMSS assessment
cycle and students in the United States, she was able to demonstrate how data mining can be used
to find a statistically significant predictor from an initial list of 216 variables and a sample size of
10,346 students.
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1.7

Scope of the Study
This study will take advantage of the 4th Grade TIMSS 2015 Mathematics international

database. This database includes over 500,000 students from 49 nations, six benchmarking entities,
and two off-grade level nations. Five nations were selected to represent a cross-section of cultural
patterns as determined by response patterns to questionnaires. These nations—the Republic of
Korea, the United States, Germany, Kuwait, and Kazakhstan—were used to create and evaluate a
collective international model of student achievement. Additionally, the set of variables used for
the collective model were examined at the national level.
1.8

Definition of Acronyms and Terms
As with most disciplines, education and large-scale studies have numerous acronyms and

content specific terms. The following acronyms will be used in this paper.
1.8.1 Acronyms
CCSS

Common Core State Standards

FIMS

First International Mathematics Study

GRS

General Response Style

IEA

International Association for the Evaluation of Educational
Achievement

NAEP

National Assessment of Educational Progress

NCTM

National Council of Teachers of Mathematics

OECD

Organisation for Economic Co-operation and Development

PISA

Program for International Student Assessment

SIMS

Second International Mathematics Study
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STAAR

State of Texas Assessment of Academic Readiness

STEM

Science, Technology, Engineering, and Mathematics

TABS

Texas Assessment of Basic Skills

TAKS

Texas Assessment of Knowledge and Skills

TAAS

Texas Assessment of Academic Skills

TEA

Texas Education Agency

TEAMS

Texas Educational Assessment of Minimum Skills

TEKS

Texas Essential Knowledge and Skills

TIMSS 95

Third International Mathematics and Science Study (1995)

TIMSS

Trends in International Mathematics and Science Study (1999 and
after)

1.8.2 Terms Used in Data Mining
Attribute
A defining characteristic in a group of data (i.e., gender, height, age, etc.)
Branch

Part of a decision tree

Child Node

A node that is the result of a split

Decision Tree

A diagram which is used to classify sets of data into increasingly
purer groups of data per a set of attributes

Internal Node

Another name for a child node

Leaf

End nodes of a tree

Mtry

The number of variables included in a Random Forest model

Parent Node

A node that splits into two or more nodes

Pr v Ob

Predicted versus Observation chart
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1.9

Pruning

Reducing the size of a tree by removing terminal nodes of little value

Pseudo R2

Statistical measure for evaluating Random Forest model

Root Node

The beginning node of a tree

Splitting

Dividing a node into two or more nodes per a rule

Sub-Tree

Another name for a branch

Terminal Node

Another name for a leaf

Tuning

Process of selecting the best parameters for model creation

Variables

Measured values used in explaining predicted values

Summary
By looking at a global measure through the lens of individual nations, this study aims to

shed light on the cultural impact of mathematics achievement. The first stage of this study will
create a to predict achievement at an international level. This stage involves reducing the total
number of variables to a reduced list of those which have the greatest predictive power. The
selected variables will be used to create the model of student achievement.
The most important part of the study is the second stage. In this stage, the model will be
tested for national equity. Inequality in the model will be examined for the specific variables which
are linked to the inequality. This is where the impact of cultural differences can be found, and thus,
lead to better understanding of how the students from each nation in the study learn mathematics.
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Chapter 2: Review of the Literature
2.1

Introduction
When the Organisation for Economic Co-operation and Development (OECD) released the

results from the first PISA study in 2000, a new phenomenon known as PISA-shock was born
(Pons, 2012). Numerous countries were stunned by their relative standings. In Germany, one-fifth
of the students scored below the baseline measure in reading (OECD, 2016a). Of particular
importance was the socioeconomic achievement gap. While this gap existed among nearly all
OECD nations (OECD, 2012a), the achievement between the most advantaged and the most
disadvantaged students in Germany was among the largest of all OECD nations (OECD, 2016a).
In 2003 Brazil experienced their own PISA Pisa-shock when the results showed that more than
half of the students scored at or below the lowest proficiency level and less than 1% scored at the
top (OECD, 2016a).
As the preliminary 2015 results are emerging, it has become evident that PISA-shock is
here to stay. Headlines on December 6, 2016, include “Pisa results don’t look good, but let’s look
at what we can learn before we panic” from the Guardian in Australia, to “Internationally, United
States students are failing” from the U. S. News and World Report. However, the results were not
disappointing for all countries. After the 2000 results were released, Germany began nationwide
reforms to increase performance for its students (OECD, 2016a). Among the reforms were a
change in the structure of schools, new education standards, national assessments to measure
student growth, and stress for professional development for all teachers (OECD, 2016a). Because
of these reforms, Germany’s standing increased especially for low income and disadvantaged
students (OECD, 2016a). Likewise, Brazil also experienced growth with the 2015 results,
increasing their lowest-performing students by 34 points (OECD, 2016a).
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The tri-annual PISA has grown through the years to include 72 countries in the 2015
assessment (OECD, 2016b). PISA results are used by policymakers as an aid to curriculum
decisions. In the United States, the future of the CCSS may depend on the final 2015 PISA reports
which were recently released. One of the reasons for its importance is that, unlike other
international standardized assessments, PISA does not measure mathematics skills and concepts,
but mathematical literacy (OECD, 2016b). OECD defines mathematical literacy as the ability to
apply mathematics in unique ways necessary for success in adulthood. This is especially relevant
in the age of emerging STEM importance. Careers in science, technology, engineering, and
mathematics (STEM) related fields are often among the highest paying in the United States. While
the average entry-level job in the United States for recent graduates earned $39,700, the top-ten
entry-level STEM careers pay between $55,100 and $88,700 (Smith, 2013). As the name suggests,
STEM careers rely on a deep understanding of science and mathematics. Achievement gaps can
indicate disadvantaged students would not qualify for these top paying positions. Unfortunately,
Germany and Brazil reporting an achievement gap between dominant and non-dominant
populations is not the exception but the rule (OECD, 2012a; OECD, 2016b; Schulz, 2005).
According to the OECD report on equity in education (2016), students from disadvantaged homes
are 2.37 times more likely than students from economically advantaged homes to score at the
lowest level of reading achievement and are less likely to go on to tertiary education.
2.2

Parameters of the Review
The EBSCO databases were searched for peer-reviewed articles with full text available.

The first search used standardized tests, large-scale, and mathematics as keywords. All databases
were selected, and no restrictions were placed on the date range. These search parameters yielded
105 results. However, after looking further, it was found that there were several duplicates in the
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results due to the use of all EBSCO databases. After removing duplicates and articles that did not
meet the needs of the research, there were 63 unique articles and one book. A second search used
standardized tests, item response theory, mathematics, and international as keywords and yielded
an additional 5 results, but only two new articles. A third search was conducted using secondary
analysis TIMSS data, and mathematics as search parameters. This yielded 8 new articles. A final
set of searches using data mining, PISA, and mathematics as parameters yielded only five new
results, none of which were of value. Similar searches substituting TIMSS and large-scale
assessments for PISA both yielded zero new results. Additional publications were found while
investigating the articles from the EBSCO search and by using articles familiar to the author, for
a total of 81 sources.
2.3

History of Large-Scale Standardized Assessment
Most students in the United States are required to take statewide assessments for national

education accountability. Students are assessed in reading and mathematics annually in grades 3
through 8, and once in high school. Assessments in science and history are required once each in
grades 3 through 5, grades 6 through 8, and high school. While this is national policy, it is up to
the individual states to set their education standards. The majority of students in the United States
are tested using assessments aligned to CCSS. The District of Columbia, 42 states, four territories,
and the Department of Defense Education Activity have adopted CCSS either in full or with
modifications (Common Core Standards Initiative, 2017).
Since its implementation, the CCSS has not been without controversy. One of the nonCCSS states, Texas, has gone as far as to have passed legislation prohibiting the implementation
of CCSS (Texas State Legislature, 2013). Specifically, House Bill 462 (HB 462) prohibited the
adoption of CCSS by the State Board of Education, barred the use of CCSS by any school districts
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in Texas in lieu of the state standards known as the Texas Essential Knowledge and Skills (TEKS),
and banned the creation of a CCSS based test for use in Texas school districts (Texas State
Legislature, 2013).
2.3.1 Large-Scale Statewide Assessments
The first statewide education standards were developed for Texas after the Texas State
Board of Education established long-term goals to ensure high school graduates had acquired what
is referred to as the essential knowledge, skills, and competencies in the areas of reading and
mathematics in 1975 (Educational Testing Service, 1977). Before adopting statewide standards,
what was taught in Texas schools was left open to teachers and individual schools. Schools from
economically advantaged areas tended to have higher standards compared to schools in
economically disadvantaged areas. Using input from the 20 regional education service centers in
Texas, educators, and various lay representatives, the Texas Education Agency (TEA) agreed upon
a list of minimum reading and mathematics competencies called the Essential Elements
(Educational Testing Service, 1977). In 1978, the Texas state legislature enacted legislation
mandating statewide testing of students, to begin with, the 1979-1980 school year (Texas
Education Agency, 1996b). In 1979, the Equal Educational Opportunity Act was passed in the
Texas legislature requiring the establishment of a statewide testing program (Haney, 2001). In
1980, the Texas Assessment of Basic Skills (TABS) was introduced to meet the requirements of
the Equal Educational Opportunity Act (Texas Education Agency, 1996b) and assessed the basic
skills of Texas students in grades 3, 5, and 9 (Cruse, 2000). However, at that time, there was not a
statewide mandated curriculum, so the test measured only a small portion of the basic skills
expected at the tested grade levels (Cruse, 2000). In 1984, the State Legislature passed the Texas
Educational Opportunity Act which created a statewide accountability system (Public Education
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Integrity Task Force, 2001). The new law also TABS with Texas Educational Assessment of
Minimum Skills (TEAMS) beginning in 1986 (Texas Education Agency, 2010b). In 1990, another
change in state law required the creation of a new and more rigorous assessment program (Haney,
2001). The Texas Assessment of Academic Skills (TAAS) was the third in a series of standardized
test programs for Texas. TAAS replaced TEAMS in 1990 and was meant to align standardized
tests to core standards within the statewide curriculum (Cruse, 2000).
In 1994, nearly 20 years after Texas first set long-term goals for education Texas
experienced its version of PISA-shock. The TEA set out to study successful minority and
economically disadvantaged schools (Texas Education Agency, 1996). Three campuses across
Texas were to be selected for the study. To meet the criteria for being selected, a campus had to
have two years of performance data and (1) have a student demographic equal to or above the state
average of 51.7 percent of students being minorities and 43.6 percent being economically
disadvantaged, (2) have achieved campus state assessment passing rates higher than the state
average in each subject area tested at the particular grade level(s) for the campus, and (3) have a
student enrollment greater than 750 for middle school or 1,000 for high school (Texas Education
Agency, 1996). Because only 350 elementary, 1 middle school and 4 high school campuses of the
more than 6,300 in Texas met the criteria to be included in the study, the parameters had to be
adjusted to at least 37 percent economically disadvantaged and exceeding the state passing rate on
TAAS in 2 of 3 subject areas if the third was within 5 percent of the state passing rate (Texas
Education Agency, 1996). The adjustment still only added four middle schools and three high
schools to the possible campuses for the study (Texas Education Agency, 1996). While successful
elementary minority schools were easily found, this success seemed to all but disappear at the
middle and high school levels. When only seven successful minority high school campuses could
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be found in the entire state of Texas, something more had to be done to address the needs of the
disadvantaged student.
In 1997, the state replaced the Essential Elements with the TEKS as the new statewide
mandated curriculum (Texas Education Agency, 2010, p. 9). The TEKS increased the rigor of the
TAAS test beginning in 2000 (Texas Education Agency, 2010). To achieve a passing score on the
TAAS test, students needed to answer 70 percent of the questions correctly (Texas Education
Agency, 2011). Additional statewide testing programs have since been introduced, and the level
of competency has been raised substantially with each testing program. The current assessment
program in Texas is the State of Texas Assessments of Academic Readiness (STAAR). While the
high school students taking the TABS test in 1982 were required to do little more than interpret a
simple pictograph, students taking STAAR must analyze and conclude more complex problems
(Texas Education Agency, 2012).
However, while each new assessment program raised the rigor of the questions, none have
managed to close the achievement gap (Texas Education Agency, 2012). Disadvantaged students
in Texas continue to underperform on standardized assessments (Texas Education Agency, 2017).
In 2016, TEA published the results of the 2016 STAAR, including a statewide combined summary
report for first-time testers, table 2.1. The mathematics passing rates all students and economically
disadvantaged are displayed by grade level.
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Table 2.1: State of Texas Assessments of Academic Readiness (STAAR) Mathematics Summary
Report
STAAR Mathematics Combined Summary Report
STAAR, STAAR L, and STAAR
Spanish

Grade 3

Grade 4

Grade 5

Grade 6

Grade 7

Grade 8

Algebra I

ALL STUDENTS
Economically
Disadvantaged
ALL STUDENTS
Economically
Disadvantaged
ALL STUDENTS
Economically
Disadvantaged
ALL STUDENTS
Economically
Disadvantaged
ALL STUDENTS
Economically
Disadvantaged
ALL STUDENTS
Economically
Disadvantaged
ALL STUDENTS
Economically
Disadvantaged

2011-2012 2012-2013 2011-2013
67%
68%
69%

STAAR, STAAR L,
STAAR Spanish, and
STAAR A
20122014
2011-2014
74%
74%

59%
68%

60%
68%

62%
70%

67%
70%

67%
72%

60%
77%

59%
75%

61%
78%

62%
75%

64%
76%

70%
77%

67%
73%

71%
78%

68%
72%

69%
71%

70%
70%

65%
71%

71%
67%

64%
68%

62%
67%

61%
75%

63%
76%

58%
79%

60%
71%

58%
69%

68%
82%

70%
81%

73%
86%

64%
82%

62%
82%

76%

75%

80%

76%

76%

Adapted from: The 2012-2016 STAAR Combined Summary Results Side-by-Side report available at:
http://tea.texas.gov/Student_Testing_and_Accountability/Testing/State_of_Texas_Assessments_of_Academic_Read
iness_(STAAR)/STAAR_Statewide_Summary_Reports_2015-2016/

2.3.2 National Large-Scale Assessments in the United States
While technically a state level assessment, CCSS could be used to compare participating
states. Two versions of CCSS-aligned assessments are currently federally funded, the Partnership
for Assessment of Readiness for College and Careers (PARCC) and Smarter Balanced (Education
Week, 2015). During the 2014-2015 school year, 18 states used the Smarter Balanced assessment,
and 11 plus the District of Columbia used the PARCC test, while the remainder used state produced
assessments (Education Week, 2015). Unfortunately, a search of academic databases and Google
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Scholar did not yield any viable results for national comparison. However, a search of statewide
results did indicate the existence of an achievement gap. In New Jersey, advantaged 3rd-grade
students met or exceeded the grade-level standard; only 25 percent of disadvantaged 3rd-grade
students were able to meet or exceed grade-level standards (New Jersey School Board Association,
2017). The Illinois PARCC test shows similar gaps for 2015 and 2016. Non-low-income students
scored 27 percentage points higher than low-income students in mathematics in 2015 (Illinois State
Board of Education, 2016). The gap remained relatively stable in 2016 at 28 percentage points
(Illinois State Board of Education, 2016).
In addition to Statewide assessments, various students throughout the United States are
selected to participate in the national assessment. The National Center for Education Statistics
administers The National Assessment of Educational Progress (NAEP) in 12 academic content
areas (U. S. Department of Education, 2014), NAEP began in 1969 and currently assesses 9, 13,
and 17-year-old students in national long-term trend assessments and grades four, eight, and twelve
in combined state and national assessments (U. S. Department of Education, 2016a). Similar to
statewide testing, NAEP is administered annually for 4th, 8th, and 12th grade. Specialized state
assessments for 4th and 8th grade occur in odd-numbered years. Long-term trend assessments for
9, 13, and 17-year-olds were conducted in nearly annually between until 1996, skipping 19711972, 1973-1974, and 1978-1979. Since then, long-term trends have been assessed in 199, 2004,
2008, and 2012 (U. S. Department of Education, 2016b).
The purpose of NAEP is to measure the progress of students nationally (U. S. Department
of Education, 2016c). The website provides links to explore the results of the NAEP exams at both
state and national levels. Unlike Illinois, New Jersey, and Texas state assessments, NAEP results
do indicate a closing of the achievement gap between Hispanic and White students, ages 13 and
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17, from 1971 to 2012 (U. S. Department of Education, 2013). This period predates the CCSS and
makes one wonder why there was a push for a national curriculum during a time when the
achievement gap was closing. If standardized testing is meant to create equality in education, the
resulting move towards standardized curriculum has not met the goal. In fact, since
standardization, the achievement gap has remained steady or increased.
From statewide and national testing, we have gained insight into the achievement of
students. However, for the most part, this is all we have. Annual statewide testing in mathematics
is only a standardized math test. It does not include additional information that would provide
insight into the learning process. There are assessments that do give a more detailed picture of the
learning process, as well as achievement. Two such assessments are the TIMSS and PISA.
2.3.3 International Large-Scale Assessments
Since 1964, the International Association for the Evaluation of Educational Achievement
(IEA) has been conducting international surveys of student achievement in mathematics and other
content areas (Martin & Mullis, 2003). IEA was the first to study student achievement with FIMS
(Martin & Mullis, 2003; Robitaille & Taylor, 2002). Ten countries, Australia, Belgium, England,
Germany, Finland, Japan, Netherlands, Scotland, Sweden, and the United States participated in
this landmark study (Hanna, 2000). FIMS surveyed students who were either 13-years-old or in a
grade where the majority of students were 13-years-old at the time of the assessment. From 1980
to 1982, IEA conducted the Second International Mathematics Study (Robitaille & Taylor, 2002).
This included 20 participating countries and surveyed students in the grade where most students
were about 13-years-old by the middle of the school year (Robitaille & Taylor, 2002). In 1995 IEA
conducted the Third International Mathematics and Science Study (TIMSS) (Martin & Mullis,
2003). This study assessed grades three, four, seven, eight, and the final year of secondary school
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(Martin & Mullis, 2003, p. 3). In 1999 IEA changed the name of TIMSS to the Trends in
International Mathematics and Science Study, while keeping the acronym (Martin & Mullis,
2003). The 1999 TIMSS was a repeat of the 1995 assessment, but only included students in grade
eight (Martin & Mullis, 2003; Robitaille & Taylor, 2002). A third cycle of the 1995 TIMSS was
conducted in 2003 for students in grades four and eight (Martin & Mullis, 2003). TIMMS is
administered every four years to students in grades four and eight and has grown to include more
than 60 countries (IEA, 2016a).
To help prevent distortion of data caused by testing fatigue, each student takes only part of
the entire test. The results from the part the student took are used to calculate a set of five plausible
values. The plausible values indicate what the student would most likely achieve if they took the
entire test. Because no student takes the entire test, TIMSS data cannot be used to assess individual
student achievement, but rather the achievement of the students of each participating nation (IEA,
2016b).
OECD produces PISA (OECD, 2016a). Unlike TIMSS which is a grade-level assessment,
PISA is an age-level assessment (OECD, 2016a). Since 2000, PISA has been conducted every
three years (OECD, 2016a). Each assessment is designed to test students’ literacy in mathematics,
reading, and science (OECD, 2016a). According to OECD, literacy is the application of the skills
learned in school to real life. This differs from other assessment programs which are designed to
measure how well students have learned the content taught. PISA is designed to measure how
well-prepared 15-year-olds are to either continue their education or enter the workforce (OECD,
2016a). PISA is not meant to rank nations in order of ability, but to use the vast data collected to
determine how effective education systems work to provide the best education for all students
(OECD, 2016a).
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What makes TIMSS and PISA different from many other standardized mathematics
assessment programs is the collection of auxiliary data beyond achievement information. The
student mathematics assessment is only one component of the programs. Auxiliary data is
collected via student, teacher, school, and parent questionnaires. These questionnaires collect
information on a variety of information from how many books a student has at home, the training
level of the teachers, the student’s professional aspirations, and what languages are spoken by the
student at home and in school. The auxiliary information allows researchers to connect learning
environments to achievement.
2.4

Validity of Assessment Programs
While each assessment program differs in scope and content covered, they are meant to

provide benchmarks regarding student progress. To help understand the different assessment
programs regarding United States standards, the Thomas B Fordham Institute published a report
in 2009 comparing CCSS Draft, NAEP, TIMSS, and PISA. Letter grades were awarded to each
benchmark program according to content, rigor, and clarity (Carmichael, Wilson, Finn Jr, Winkler,
& Palmieri, 2009). The highest grade, A, was awarded to TIMSS Mathematics, followed by CCSS
Mathematics Draft with a grade of B, NAEP Mathematics with a grade of C, and PISA
Mathematics with a grade of D. TIMSS Mathematics was found to be “clear, coherent, and well
organized” (p. 2) with little ambiguity. Although TIMSS Mathematics did not receive a perfect
score by the reviewers, they felt that this was the best-written program. The reviewers noted that
the CCSS Mathematics Draft was not explicit enough and failed to set priorities. They also felt
that NAEP Mathematics failed to set priorities. Also, NAEP Mathematics had an excessive number
of standards when compared to the other programs (Carmichael, Wilson, Finn Jr, Winkler, &
Palmieri, 2009).
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A report by the National Center for Education Statistics (2008) compared TIMSS with
NAEP and PISA. The report found that 90% of TIMSS and PISA mathematics items matched the
NAEP framework (McGrath, 2008). However, the report discovered a discrepancy within the
distribution of item format. NAEP and TIMSS used mostly multiple-choice items for both grade
4 and grade 8 assessments. The reverse was true for PISA which used primarily constructed
response questions (McGrath, 2008). NAEP and TIMSS showed consistent results over their
nearly 20 years of assessments. All three assessment programs were found to be both reliable and
valid indicators for assessing the performance of students in the United States (McGrath, 2008).
A study by Hofman, Hofman, and Gray (2010) confirmed the consistency between PISA
and TIMSS. Although not identical, the performance on one test was similar to the performance
on the other (Hofman, Hofman, & Gray, 2010). Comparable results between TIMSS and PISA
were cited as one factor indicating the need to reform education in the United States (National
Governors Association; the Council of Chief State School Officers; Achieve, 2008).
2.5

Consequences of Standardized Assessments
As previously noted, standardized testing was designed to provide feedback to the teacher,

student, and community with regards to how well students were being educated. While
standardized testing can help the student when used for its intended purposes, there have been
unintended consequences. The results of statewide testing have highlighted serious potential flaws
in education. The attempt at studying high achievement disadvantaged schools in Texas backfired
when standardized testing exposed the inequality of education between advantaged and
disadvantaged schools. This resulted in statewide education standards but has not equalized
achievement. As standards and new legislation were enacted, side effects also occurred. Some of
these are the narrowing curricula, increased topics for instruction, circumventing accountability,
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and the search for a one-size solution. Even more troubling, some of the math reforms have been
based on flawed interpretations of testing results.
2.5.1 Narrowing Curricula
The initial rationale behind common assessments was to take a snapshot of what students
were being taught and what they had learned, but they soon turned into an assessment of the
schools themselves (Office of Technology Assessment, United States Congress, 1992). For
students, the results could prevent advancement to the next grade or prevent them from going on
to higher education (Office of Technology Assessment, United States Congress, 1992). For
schools, the results were often associated with funding (Office of Technology Assessment, United
States Congress, 1992). As the stakes were raised higher, the taught curriculum soon narrowed to
only the tested curriculum (McGehee & Griffith, 2001; Office of Technology Assessment, United
States Congress, 1992). To help combat the problem of teaching to the test, or perhaps take
advantage of it, each new assessment program in Texas broadened the number of standards tested
so that with the STAAR program, all TEKS are tested and taught (Texas Education Agency, 2012).
Now the state-mandated curriculum in Texas is also the tested curriculum, and therefore, the taught
curriculum.
Texas was able to adjust their assessment program to force alignment between state
education standards, and thus, the tested and taught curricula. These issues become more complex
when the assessment program is examined on a larger scale. Nationally, the National Council for
Teaching Mathematics (NCTM) began the trend towards national standards in 1989 as a response
to New Math (Burris, 2014). The New Math movement had started in response to Sputnik and
concerns over the lack of critical thinking skills in students. Standardized testing results increased
the debate over what was best for all students. Concerns over low performance created a backlash
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and a push for a return to basics. NCTM published its list of mathematical standards with the intent
of increasing equity. The concerns eventually led to the development of the CCSS.
Before the CCSS, what was taught in individual states varied greatly as well as what was
considered proficient in each content area (Common Core Standards Initiative, 2017). The process
for CCSS began in 2007 as state chiefs discussed the possibility of developing common standards
(Common Core Standards Initiative, 2017). In 2008, a joint report by the National Governors
Association, the Council of Chief State School Officers, and Achieve was released urging a
national adoption of internationally benchmarked standards for mathematics and language arts
(Common Core Standards Initiative, 2017; National Governors Association; the Council of Chief
State School Officers; Achieve, 2008). The proposed mathematics standards would be assessed by
state-level assessments, nationally by NAEP, and internationally by TIMSS and PISA (National
Governors Association; the Council of Chief State School Officers; Achieve, 2008). During 2009
and 2010 the CCSS were created and ready for the state to begin the process of reviewing and
adoption (Common Core Standards Initiative, 2017). While intended to be a set of national
standards, CCSS has not been universally adopted in the United States. There are eight states that
do not use CCSS (Common Core Standards Initiative, 2017)
2.5.2 Increased Topics in Textbooks
With new standards comes the need for new textbooks. One area of historical importance
is the evolution of textbooks as a record of the change in mathematics instruction (Baker et al.,
2010). By analyzing 141 textbooks used over a one-hundred-year period, major trends in
instructional focus and style emerged (Baker et al., 2010). In the first part of the twentieth century,
textbooks tended to include fewer concepts and pages. The typical textbook for 4th, 5th, and 6thgrade students had a mean of 104 pages (Baker et al., 2010). The use of fewer concepts allowed a
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deeper level of understanding to develop for the learner. Early upper elementary (grades 4 to 6)
textbooks were primarily devoted to just three focal area: basic arithmetic, advanced arithmetic,
and geometry (Baker et al., 2010). By the mid-century mark, the average number of pages had
grown to 244 and by the end of the century increased to 342 (Baker et al., 2010).
The increase in page numbers was due in part to the increase in concepts to master. From
the three focal areas present at the beginning of the century, the textbooks expanded to include five
focal areas: basic arithmetic, advanced arithmetic, geometry and measurement, reasoning
with/without formal mathematics, and miscellaneous math content (Baker et al., 2010). The actual
number of topics increased from 14 to 20 (Baker et al., 2010). Increasing content resulted in a
decrease in the amount of time that could be devoted to each one. The students were expected to
comprehend a significantly increased amount of content without an increase in instructional time.
The proportions of the textbooks devoted to the various focal areas also changed. An
increase in basic arithmetic was noted from 1904 (45%) to 1948 (65%) followed by a sudden
decline in 1964 (41%) (Baker et al., 2010). The level has since remained consistent. The remaining
focal areas are approximately 20% each, except miscellaneous which is only 2% (Baker et al.,
2010).
The timing of the changes to the increase in the content of textbooks matched the push for
increased rigor in the classroom. A rapid realignment of content was noted to occur during the
middle of the 1970s (Baker et al., 2010) which coincided with the creation of the Texas learning
standards (Educational Testing Service, 1977). Another shift in textbook content occurred around
1990 (Baker et al., 2010). In 1985, the Essential Elements were introduced (Public Education
Integrity Task Force, 2001) and in 1990, the new Texas standards were finally being tested on the
TAAS test (Cruse, 2000). As the state of Texas imposed more rigorous standards, the textbook
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companies responded with larger textbooks to meet the needs. Unfortunately, as the demand for
more content increased, little to no time for the teachers to choose content to enrich their students
was left. The standards changed the textbooks, and both changed what was taught to students.
2.5.3 Circumventing Accountability
Along with the change to the curriculum, came other unintended consequences of
standardized testing, accountability. Federal laws such as the No Child Left Behind Act of 2001
(NCLB) required the states to test their students as part of federal accountability measures (107th
Congress, 2001). This law elevated the stakes of standardized testing. Schools and teachers were
held accountable for underperforming students. The measure of success was whether or not the
student passed their tests. Even when students raised their scores, if they didn’t reach the passing
score, it didn’t count. NCLB also ushered in the era of bonuses in many districts. When students
performed well, administrators were given monetary rewards. This changed the landscape of
testing across the United States.
Teachers used to worry that the students would cheat on a test. Now in the era of high
stakes testing, students need to worry that their teachers and administrators are the ones cheating
(Anderson, 2016; Fausset & Blinder, 2015; Georgia Public Policy Foundation, 2015; KVIA,
2016). Recent scandals across the United States have made national news. In Atlanta, 35 public
school employees were indicted in the largest testing scandal in the United States (Fausset &
Blinder, 2015). In the scandal, school administrators held meetings where teachers changed
answers on test documents. According to news reports, 178 educators were involved in the
cheating scam (Georgia Public Policy Foundation, 2015). The cheating was uncovered due to the
extremely high number of erasures noted when the exams were scored. According to witnesses,
teachers were instructed to wear gloves while erasing to avoid leaving fingerprints. The reason
36

behind the cheating was to ensure that the schools met requirements for Adequate Yearly Progress
(AYP) and the administrators to profit from bonuses tied to the assessment. The investigation into
the cheating resulted in numerous jail terms for racketeering (Georgia Public Policy Foundation,
2015).
In 2010, the FBI began investigating the El Paso Independent School District in Texas.
Nearly six years later, the scandal grew to include a district superintendent and several high-level
administrators. A total of 18 administrators were indicted or penalized for manipulating student
placement to avoid having all students taking required standardized assessments (Anderson, 2016).
Nine more are still under investigation (Anderson, 2016). Thus far, nine district employees have
had their educator certificates revoked or sanctioned, the district superintendent was sentenced to
federal prison, one employee received probation, two additional employees have been convicted,
and six more are awaiting trial dates (Anderson, 2016). This case is far from being over after five
more administrators were arrested in 2016 (KVIA, 2016).
These two scandals helped fuel the debate on the place for testing in the classroom. In
February 2017, Texas State Representative Jason Isaac introduced the Teaching Over Testing Act
with the goal of putting the focus of education back in the classroom (Brandeis, 2017). The OptOut Movement has grown. In 2015, over 500,000 students did not participate in standardized
testing (Schweig, 2016). In New York state, nearly 20% of students opted out of testing (Schweig,
2016). This movement has highlighted the detrimental effects of over-testing our students for lack
of perceived gain. As achievement gaps persist, parents and educators question the current purpose
of our testing culture.
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2.5.4 One-sized Solutions
Researchers have used standardized assessments, including TIMSS and PISA data in the
way it was intended, to help our students learn. The number of articles related to TIMSS and PISA
has been increasing. In 2015, Pey-Yan Liou and Yi-Chen Hung published a methodological review
of articles which examined TIMSS and PISA (Liou & Hung, 2015). A total of 51 articles from 8
journals were included in the study. The researchers noted a sharp increase in the number of articles
published in scientific journals in the International Journal of Science and Mathematics devoted a
special issue to PISA in 2010.
Unfortunately, while many educators are actively looking for solutions to our achievement
gap, some are looking for a one-sized solution. The focus of these studies often includes high
performing nations such as China, Hong Kong, Singapore, and Finland. Khoon Yoong Wong,
Masataka Koyam, and Kyeong-Hwa Lee proposed using information from the successes of Japan,
Korea, and Singapore to create a framework for mathematics curriculum policy (Wong, Koyama,
& Lee, 2014). The similarities between the three nations make the promise of a global mathematics
framework doubtful. Other studies focus on the test itself. In 2001, Jean J. Mc Gehee and Linda
K. Griffith published Large-Scale Assessments Combined with Curriculum Alignment: Agents of
Change (McGehee & Griffith, Large-scale assessments combined with curriculum alignment:
Agents of change, 2001). In their article, McGehee and Griffith posit that the best way to educate
our students in part is to align the curriculum and teacher involvement to the test.
Other researchers have noted the flaw in a one-size model. In 2013, Leslie Rutkowski and
Dubravka Svetina conducted a 23-nation study of the Teaching and Learning International Survey
(TALIS) 2008 (Rutkowski & Svetina, 2014). The researchers determined that the assumption of
measurement invariance was violated. In other words, latent variables were not measured equally
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across the nations in their study. The results of their study indicated that culture studies must be
taken into account when analyzing TIMSS and PISA in cross-national studies.
2.5.5 Flawed Interpretations and Math Wars
The United States has a fascination with standardized testing. Part of this can be traced to
a U. S. Department of Education report entitled A Nation at Risk (1983). Using vague sources for
their data, such as “national assessments” (p. 3), the report claimed the students of the United
States were falling dangerously behind in scholastic achievement. Later reanalysis of the report
concluded the findings were unfounded, but the damage had been done (Bell, 1993). The United
States had become assessed with test scores. Debate began on how to best fix our failing schools.
Curriculum reform which began in the 1970’s was further fueled by the report. A debate, the Math
Wars, was started over which method of instruction was the best, algorithms versus inquiry, and
even if a detailed explanation for a wrong answer was more important than having a correct answer
with a poor explanation (Schoenfeld, 2004). The purpose of educational testing was meant to help
our children, but they had put the nation at a figurative war.
2.6

Gaps in the Literature
While there have been studies to analyze the results of each assessment program they have

mostly been limited to trends within each assessment program or comparative studies between
single assessment cycles of two or more assessment programs. There is a gap of research
comparing the long-term trends in TIMSS and PISA, especially when looking for hidden
relationships. This gap appears to exist primarily due to the overwhelming amount of data that has
been produced since in the 51 years and 14 assessment cycles since FIMS. While the research done
by Liu and Ruiz (2008), Kiray, Gok, and Bazkir (2015), and Whitford (2016) demonstrate the
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promise of using data mining on large-scale assessments, its use has been underutilized. Given
advancements in data mining techniques and software, I believe the technology now exists to be
able to use the data that has been acquired to search more deeply for new patterns and relationships.
2.7

Summary
The goal of my study is to use data mining to help uncover the unexpected relationships

among the variables collected in TIMSS studies. By analyzing the order of variable importance,
the study aims at a deeper understanding of influential factors in the education process. This will
be accomplished through a three-stage process. First, the number of variables available from each
questionnaire will be reduced through machine learning techniques. Second, the reduced variables
from each questionnaire will be combined for the creation of a collective model using the five
nations of the study. Third, the list of reduced variables from the collective model will be analyzed
at the national level to look for differences in variable importance with the goal of better
understanding cultural influences on student achievement.
Cultural influences will be examined through the lens of critical cosmopolitanism. Instead
of looking for a single, global formula for educational success, critical cosmopolitanism will guide
the study to look for how cultural influences may impact variable importance. To accomplish this,
the nations for the study were selected to represent according to the theory of General Response
Style (GRS) to represent different cultural questionnaire response patterns (Hastedt & van de
Vijver, 2017).
TIMSS measures mathematics knowledge of what is taught and contains mostly multiplechoice mathematics items and some free response items, which is intended to measure how well
students are acquiring the knowledge being taught. Additionally, TIMSS includes background
questionnaires which give additional information regarding the student, home, teacher, and school
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influences on education. Due to the block design of TIMSS, no student answers all of the
mathematics items. Statistical modeling is used to create a set of five plausible values which
represent the most likely score the student would have received if they had answered all items
(IEA, 2016b).
The influences of the variables in the background questionnaires can be measured by using
the variables as inputs and the mathematics assessment results as measured by five plausible values
as the output in a data mining model. The predictive model will combine the variables from each
questionnaire with the most practical significance into a single collective model to predict
achievement on each of the five plausible values as shown in figure 2.1.

Plausible
Value 1
Plausible
Value 2

Student
Teacher

Collective
Model

Plausible
Value 3
Plausible
Value 4

Classroom

Plausible
Value 5
Figure 2.1: Conceptual Model of Factors Influencing Mathematics Achievement
Large data by its definition includes extremely large numbers of cases. This creates
statistical significance for nearly all variables without necessarily indicating usefulness or practical
significance (Cohen & Cohen, 2003). The models for this study were in the form decision trees
which provided the relative importance of each variable from the background questionnaires
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(Hastie, Tibshirani, & Friedman, 2009). The variables with the highest importance-ranking in
model creation were chosen. The data mining process will be explained in greater detail in section
3.5.
One of the original intents of standardized testing was to assist educators in making
informed decisions about student learning (Office of Technology Assessment, United States
Congress, 1992). Unfortunately, in many school districts across the United States, the standardized
test has become the curriculum. We are no longer preparing our students for a future beyond
education. Instead, we are teaching them how to outsmart a test. This is a disservice to our students
and the original goals of standardized assessments in education. Large-scale standardized
assessments have collected information that can assist our students as originally intended. Data
mining techniques have given us the power to look deeply into these vast resources.
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Chapter 3: Methodology
3.1

Research Design
The purpose of this cross-national quantitative study is to determine the relationship of national

and cultural influences on 4th-grade student achievement as measured by the TIMSS 2015
mathematics assessment. The TIMSS assessment includes an extreme number of variables
obtained through a set of background questionnaires. For this study, nearly 400 variables were
used form approximately 30,000 participants. This dataset is very large and can be overwhelming.
Too much data can produce noise, a term used to describe the effect of non-productive variables
confusing a model (James, Witten, Hastie, & Tibshirani, 2017). To prevent noise from preventing
the creation of a useful predictive classification model, extra variables were eliminated before the
classification model was created. A machine learning technique, called Random Forest, was used
to reduce the number of variables and then model student achievement based on a classification
tree. The series of Random Forest models needed to predict student achievement on the 4th Grade
TIMSS mathematics assessment was created using the Rattle GUI for R, a computer program that
allowed data to be analyzed and model in a sequence of steps.
An initial series of Random Forest models was used to reduce the number of variables from
each of three background questionnaires completed by the student, teacher, and principal. After
the initial series of models reduces the number of variables, the reduced set of variables was
combined into a set of 5-Nation models, one for each plausible value. These models were
developed and then evaluated using the 5-Nation data set to confirm that a predictive model could
be developed. Next, the data sets for each of the countries in the study were used to validate the
models to how well the model worked for each of the study nations. Finally, the same set of
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variables was used to create new models for each nation to determine how the importance of the
variables used to compare across the five nations.
3.2

Selection Criteria
There were 57 participants in the 4th grade TIMSS 2015 mathematics assessment, including

48 education systems, seven benchmarking regions, and two off-grade participants (IEA, 2016b;
U. S. Department of Education, 2015). Benchmarking regions and nations that did not report their
data were excluded. This left a population of 45 education systems from which to draw a sample.
One of the purposes of this study was to develop a way to detect cultural patterns in the
variables used to predict student achievement. To accomplish that purpose, nations needed to be
selected that exhibited a variety of cultural patterns. General Response Style (GRS) was selected
as the method for country selection.
3.3

General Response Style
How to quantitatively measure culture is a difficult question at best. In 2017, Dirk Hastedt

and Fons J. R. van de Vijver presented results from their study regarding cultural response patterns
in Likert type items. Hastedt and van de Vijver determined that culture does play a role in how
participants answered these items. Using data from the PISA studies, and then later data from
TIMSS and PIRLS, the researchers determined that three main patterns existed: acquiescent,
midpoint, and extremity response styles. According to Hastedt and van de Vijver, these response
patterns could be measured on background questionnaires included in the TIMSS assessment. The
researchers identified 66 nations/regions and ranked them according to GRS. The data on GRS
from Hastedt and van de Vijver (2017) were obtained and copied into a spreadsheet and table 3.1
was created.
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Table 3.1: GRS Rankings

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22

Korea
Japan
Malaysia
Hong Kong-China
Switzerland
China
Australia
Thailand
Indonesia
Singapore
United Kingdom
Italy
New Zealand
Philippines
Norway
Moldova
Latvia
Sweden
Argentina
Belize
Cyprus
Netherlands

23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44

General Response Style Nation Rankings
United States
45
Israel
46
Iceland
47
Canada
48
Finland
49
Bulgaria
50
Chile
51
Greece
52
Macedonia
53
Turkey
54
Slovak Republic
55
Slovenia
56
Spain
57
Occupied Palestinian Territory
58
El Salvador
59
Germany
60
South Africa
61
Egypt
62
Iran
63
Colombia
64
Jordan
65
Hungary
66

Botswana
Lithuania
Qatar
Kuwait
Romania
Saudi Arabia
Tunisia
Ghana
Serbia
Austria
Portugal
Oman
United Arab Emirates
Yemen
Russian Federation
Poland
Morocco
Croatia
Malta
Kazakhstan
Honduras
Armenia

According to Hastedt and van de Vijver, acquiescent respondents wish to fit in with social
norms. On Likert-type items, acquiescent respondents will tend to choose middle values such as
2, 3, or 4. The nations at the beginning of the GRS scale have the most acquiescent response style.
The Republic of Korea is the nation receiving the number one rank. Extremity respondents value
individuality over the group. Extreme respondents tend to have defined opinion and tend to choose
1 or 5 on Likert-type items. The nations at the end of the scale in table 3.1 demonstrate this GRS.
The last nation on the list is Armenia and is considered the most individualistic valuing nation
from the Hastedt and van de Vijver study. Nations in the center are examples of midpoint GRS.
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Respondents the are classified as midpoint will have a balance of responses on Likert-type items
(Hastedt & van de Vijver, 2017).
The participating list of nations for TIMSS 2015 was placed in the same document with
GRS rankings and alphabetized. GRS nations were numbered by response style from low to high,
with one being low and 66 being high. The GRS list was alphabetized and merged with the TIMSS
list. The nations participating in both TIMSS 2015 and GRS were merged into a single list, keeping
the GRS rank order numbers. The merged list consisted of 44 nations. The list was then resorted
according to GRS ranking and divided into quintiles. One nation from each quintile was selected
for the study with priority given to the extremes (ranks 1 and 66) first, and then nations selected
from within each of the remaining quintiles. The nation with the highest GRS rank, Armenia, did
not have TIMSS data available; therefore, the second highest, Kazakhstan was selected. Table 3.2
displays the quintiles from the merged list and the GRS ranking. Selected nations for the study are
in bold font.
Table 3.2: GRS Quintiles
Nation

Nation

Nation

Nation

Nation

1

Korea

15

Norway

31

Macedonia

41

Iran

55

Portugal

2

Japan

18

Sweden

32

Turkey

44

Hungary

57

United Arab Emirates

4

Hong Kong-China

21

Cyprus

33

Slovak Republic

46

Lithuania

59

Russian Federation

7

Australia

22

Netherlands

34

Slovenia

47

Qatar

60

Poland

10

Singapore

23

United States

35

Spain

48

Kuwait

61

Morocco

11

United Kingdom

26

Canada

38

Germany

49

Romania

62

Croatia

12

Italy

27

Finland

39

South Africa

50

Saudi Arabia

63

Malta

13

New Zealand

28

Bulgaria

40

Egypt

53

Serbia

64

Kazakhstan

14

Philippines

29

Chile

54

Austria

66

Armenia

Additionally, quintiles from the original GRS list were used to confirm the countries selected were
representative of the GRS spectrum. The confirmation step showed that the nations selected for
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the study aligned in identical quintiles from the full GRS list. The selected nations and their
respective GRS ranking are listed in table 3.3 along with the number of participants, and the
population of primary school children (UNESCO Institute of Statistics, 2018).
Table 3.3: GRS Rank of Selected Nations and Primary Student Populations
GRS Rank
1
23
38
48
64

TIMSS Name
Korea, Republic of (n=5930)
United States (n=12119)
Germany (n=5615)
Kuwait (n=7615)
Kazakhstan (n=4702)

Primary Students
2,763,236
25,115,512
2,806,645
283,009
1,257,038

Please note, the UNESCO data does not represent the students only in 4th grade, but primary level
students which can represent three to five grade levels, depending on nation. The primary level is
defined as from 6 to 11 years of age for the Republic of Korea and the United States, from 6 to 9
years of age in Germany, from 6 to 10 years of age in Kuwait, and from 7 to 10 years of age in
Kazakhstan (UNESCO Institute of Statistics, 2018).
GRS was used over geography as the selection method. However, the five countries did
reflect a geographic cross-section of the northern hemisphere, as can be noted in figure 3.1.
Unfortunately, few southern-hemisphere nations participated in TIMSS 2015. New Zealand was
not selected since it was in the first quintile which required the most extreme value, the Republic
of Korea, to be selected. South Africa was not selected because it was an off grade-level
participating nation and had fifth-grade students complete the assessment.
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Figure 3.1: Location of Study Nations
3.4

Instrumentation
This study will use the 4th Grade TIMSS 2015 data set. This dataset was chosen for three

reasons. First, 2015 is the most recent cycle of the TIMSS assessment. Using the newest data will
provide the most accurate picture of current cultural ideologies. Second, the 4th-grade assessment
included the home survey completed by parents. The home survey for TIMSS 2015 provides early
childhood information. Unfortunately, after the study began, it was discovered that the United
States had elected to not participate in the home survey. Thus, the home survey was not used in
this study. Third, the 4th Grade TIMSS is the earliest international assessment for mathematics.
Early intervention is crucial to student achievement in all areas.
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3.4.1 TIMSS
Purpose and Design
The stated purpose of TIMSS is to measure how well students learn the skills generally
taught in mathematics classrooms (IEA, 2016a; IEA, 2013). The mathematics 4th-grade assessment
includes three content domains, number, geometric shapes and measures, and data display (IEA,
2013). These are assessed over three cognitive domains knowing, applying, and reasoning.
Altogether, the mathematics and science portion included over 350 items and background
questionnaires. There were about 175 mathematics items in either multiple choice (2/3 of items)
or constructed response (1/3 of items) format. Previous questions from TIMSS 2003, TIMSS 2007,
and TIMSS 2011 were included with the new items to allow for longitudinal linking. Students do
not answer every question. Instead, a matrix-sampling design is used. Achievement questions were
grouped into 14 blocks of approximately 10 to 14 questions. Each block was designed to be
completed in an average of 18 minutes. Each assessment booklet contains two blocks of
mathematics items, with the prefix M, and two blocks of science items with the prefix S. Question
blocks appeared in two test booklets to allow the data to be linked. Most booklets contained a
block of previous questions and a block of new items. Tables 3.4 and 3.5 are adapted from the
TIMSS 2015 Assessment Frameworks and show the distribution of the mathematics assessment
items within the blocks and the blocks within the booklets.
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Table 3.4: TIMSS 2015 Math Item Blocks
Block

Source of Items

M01

Block M13 from TIMSS 2011

M02

New items for TIMSS 2015

M03

Block M04 from TIMSS 2011

M04

New items for TIMSS 2015

M05

Block M09 from TIMSS 2011

M06

Block M10 from TIMSS 2011

M07

Block M11 from TIMSS 2011

M08

New items for TIMSS 2015

M09

Block M08 from TIMSS 2011

M10

New items for TIMSS 2015

M11

Block M12 from TIMSS 2011

M12

New items for TIMSS 2015

M13

Block M14 from TIMSS 2011

M14

New items for TIMSS 2015

Table 3.5: TIMSS 2015 Booklet Design
Booklet
1
2
3
4
5
6
7
8
9
10
11
12
13
14

Part 1
M01
S02
M03
S04
M05
S06
M07
S08
M09
S10
M11
S12
M13
S14

M02
S03
M04
S05
M06
S07
M08
S09
M10
S11
M12
S13
M14
S01

Part 2
S01
M02
S03
M04
S05
M06
S07
M08
S09
M10
S11
M12
S13
M14

S02
M03
S04
M05
S06
M07
S08
M09
S10
M11
S12
M13
S14
M01

The use of the block design allowed for a thorough assessment of mathematical achievement
without unnecessary burden on individual students (IEA, 2013). Each student is only assessed on
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items from four blocks of the total 28 blocks used for the assessment cycle. Statistical modeling is
then used to calculate sets of five plausible values that most likely represent what the student would
have scored if they had answered all mathematics and science items (IEA, 2016b). Because of the
block design, TIMSS data is not intended to be used for student level comparisons.
TIMSS is a timed assessment (IEA, 2013). Booklets are distributed to classrooms in a
predetermined order and equal proportions. Students take each part of the assessment and complete
the student questionnaire. They are allowed a break between each section. Students are allotted 36
minutes for each testing part and 30 minutes for the questionnaire (IEA, 2013).
Verification
Each participating nation has a goal of at least 4,500 students for testing (IEA, 2013). In
2015, there were 48 nations and seven benchmarking participants for the 4th-grade assessment
(IEA, 2016b). Twenty-two of the participating nations and five benchmarking participants required
more than one language for testing. Test booklets were created in 43 different languages to
accommodate participating nations’ needs. To create the different language versions of TIMSS,
tests were first created in English. The English versions were then translated into each language
by the individual nations. Minimal changes were permitted to allow for regional differences in
language use such as the boot versus trunk of a car. Verification of assessments beyond language
includes the layout, national adaptations, and quality control observations of administration (IEA,
2016b).
After the administration of TIMSS 2015 was completed, individual items were analyzed
using item response theory (IEA, 2016b). Any items that exhibited atypical characteristics for one
or more nations when compared to overall results were examined for possible errors in translation,
booklets, or scoring guides. Some reasons that items could be flagged for further review include
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that had low discrimination (item’s correlation with overall score), multiple-choice item difficulty
less than .25 or greater than .95, Rasch difficulty statistically different from the international
average, or a multiple-choice option being less than 10 percent. If flaws existed, those items were
deleted from the international database for affected nations. Remaining items had difficulty levels
and discrimination index scores calculated for each nation and as an international average. To
prevent the effect of test fatigue from skewing the statistics for an individual item, any item scored
as not reached were excluded from these calculations. They were used for the students’ scores.
None of the nations selected for this study had deleted items (IEA, 2016b).
Reliability
Reliability for TIMSS 2015 was reported for each nation by using the median Cronbach’s
alpha from all mathematics and science test booklets (IEA, 2016b). The international reliability
for TIMSS 2015 was recorded as the median reliability coefficient for all participating nations.
The 4th-grade TIMSS 2015 had a high-reliability median of 0.83 and ranged from 0.76 to 0.88.
The reliability coefficients for the nations selected for the study were similar with a reliability
median of 0.82, ranging from 0.76 to 0.87. The reliability coefficients for the study nations are
recorded in table 3.6 (IEA, 2016b).
Table 3.6: Reliability Coefficients
Nation
Korea, Republic of
United States
Germany
Kuwait
Kazakhstan

Reliability Coefficients
0.82
0.87
0.82
0.76
0.86
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A sample of each nation’s results was evaluated using the second set of scores. Interscorer
reliability for constructed-response items averaged 99 percent for correctness and 98 percent for
diagnostic. Cross country reliability averaged 97 percent for both correctness and diagnostic score
agreement. The correctness and diagnostic score agreements for the study nations are recorded in
table 3.7 (IEA, 2016b).
Table 3.7: Interscorer Reliability
Nation
Korea, Republic of
United States
Germany
Kuwait
Kazakhstan

Correctness Score
Agreement
100
98
98
99
93

Diagnostic Score
Agreement
99
97
98
98
93

Dependent Variables
The dependent variables for TIMSS 2015 are the plausible achievement scores (IEA,
2016b). The plausible values are scaled scores, with 500 representing the median of all
participants. Plausible values are calculated from aggregated responses and represent an efficient
estimate of the students’ scores. Plausible values are not an average of all scores. They are
calculated using advanced statistical methods which takes into account the students’ achievement
on administered items, background questionnaire data, and student population and subpopulation
demographics. Scores for non-administered items are imputed multiple times from a pool of
possible values from students with similar demographics, response pattern, and achievement level.
The result is a set of five plausible scores, a highly accurate estimation of what the students
plausibly would score if they had taken the entire assessment. While not a real set of plausible
values, a representative set of plausible values for slightly below average achievement would be
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similar to 458.27, 490.56, 454.87, 464.11, and 500.03. Likewise, a representative set of scores for
above average might be 608.43, 623.60, 658.57, 617.38, and 631.33. While the use of plausible
values allows for estimation of scores without overly burdening a student, it does prevent precise
student level statistics (IEA, 2016b).
Independent Variables
The independent variables for this study will be selected via data mining. The pool of
independent variables comes from the background context questionnaires. There are five context
questionnaires: Student, Home, School, Classroom, and National and Community. This study used
the Student, Classroom, and School questionnaires.
The student questionnaire is completed by the student and is designed to measure student
readiness to learn, student motivation, student self-concept, and student characteristics (IEA, 2013,
p. 80). Table 3.8 contains a sample of items adapted from the TIMSS Student questionnaire.
Table 3.8: Student Questionnaire Sample Items
Item Number
ASBG01
ASBG04

ASBF08
ASBG09

Item Stem
Are you a girl or a boy?
About how many books are there in your home? (Do not count magazines,
newspapers, or your school books.)
About how often are you absent from school?
How often do you eat breakfast on school days?

The school questionnaire completed by the principal and is designed to measure “school
location; school composition by student socioeconomic background; instruction affected by
mathematics and science resource shortages; teacher availability and retention; principal
leadership; school emphasis on academic success; and safe, orderly, and disciplined school (IEA,
2013, p. 69).” Table 3.9 contains a sample of items adapted from the TIMSS School questionnaire.
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Table 3.9: School Questionnaire Sample Items
Item Number

Item Stem

ACBG01

What is the total enrollment of students in your school as of <first day of
month TIMSS testing begins, 2015>?

Approximately what percentage of students in your school have
<language test> as their native language?
How many people live in the city, town, or area where your school is
ACBG05A
located?
Does your school provide free meals for students?
ACBG06A
Breakfast?
ACBG06B
Lunch?
ACBG04

The classroom questionnaire is completed by the teacher designed to measure both teacher
and classroom data. Teacher data includes “teacher preparation and experience (IEA, 2013, p.
74).” Classroom data includes “TIMSS mathematics and science topics taught; classroom
instructional resources and technology; instructional time; instructional engagement; and
classroom assessment (IEA, 2013, p. 66).” Table 3.10 contains a sample of items adapted from the
Classroom questionnaire.
Table 3.10: Classroom Questionnaire Sample Items
Item Number

Item Stem

ATBG02

By the end of this school year, how many years will you have been teaching
altogether?
Are you female or male?

ATBG04

What is the highest level of formal education you have completed?

ATBG01

Thinking about your current school, indicate the extent to which you agree or disagree with each of the
following statements.
ATBG07F
ATBG07G

The students respect school property.
This school has clear rules about student conduct.

Indicate the extent to which you agree or disagree with each of the following statements.
ATBG11B
I have too much material to cover in class.
ATBG11D
I need more time to prepare for class.
ATBM04

Are students in this class permitted to use calculators during mathematics lessons?
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The national and community questionnaire is designed to measure “economic resources,
population demographics, and geographic characteristics; organization and structure of the
educational system; student flow; languages(s) of instruction; intended mathematics and science
curriculum; teachers and teacher education; and monitoring curriculum implementation (IEA,
2013, p. 62).” Data from the national and community questionnaire is not included in the database
made available by the IEA to most researchers due to confidentiality concerns. Therefore, it is not
included, and specific demographics from the questionnaire were not available for this study.
The home questionnaire is completed by a parent and is designed to measure “home
resources for learning; languages(s) spoken in the home; parental educational expectations and
academic socialization; early literacy, numeracy, and science activities (IEA, 2013, p. 66).” The
United States did not participate in the home questionnaire; therefore, it was not included in this
study.
3.5

Research Procedures
Several steps are required to create a model to predict student achievement on TIMSS.

First, the complete international database was to be obtained from IEA. This data was obtained by
accessing the IEA data repository. While this data is the property of IEA, it is available for
researchers free of charge. Sensitive data not available through the data repository can be
requested. Researchers must justify the need to obtain sensitive data in their requests. This includes
information about the individual participants were not necessary for this study. Therefore, the
information was not requested. Access to the information is obtained by registering with the IEA.
The data provided by IEA has already been through validation processes that do a majority
of the cleaning needed for analysis. It does; however, include numerous missing values due to
either assessment design or omission of responses. Missing values where imputed. Additionally,
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there are numerous derived variables. Codebooks obtained through IEA were consulted to make
decisions regarding the use of original or derived variables. Since data mining is an a priori method
of analysis, original values rather than derived values were used for the study with one exception.
For the school questionnaire, the values for the instructional hours per day (ACDG08HY) is
derived from the variables for total instructional time per day (ACBG08b) and the Instructional
days per year (ACBG08A). Since each of these may have a relationship with student achievement,
all three variables were included. Reverse coding is not required for random forest models. While
it can help with interpretation, the decision was made not to reverse code and to rely on how the
selected questions were worded when interpreting the results.
The variables obtained through the IEA include results for all nations. To select only the
data from the study nations, the IEA IDBAnalyzer was used generate code for SPSS to merge the
variable data, plausible values, and weight factor into a single file. The IDBAnalyzer is a tool
available from the IEA website for the purpose of properly combining TIMSS data from the
different questionnaires and test booklets into merged databases. The use of the IDBAnalyzer
ensures that the proper weighting factors are included with the new database. While not used for
this study, the IDBAnalyzer is also capable of some statistical analysis of combined data. Data
from SPSS was then saved as a cvs file for import into Rattle. Rattle is a user interface tool that
aids in the production of R code for data mining. By using Rattle, code was generated quickly and
accurately for the creation of correlation plots and tables, Random Forest modeling, and Predicted
versus Observed charts.
3.6

Variable Reduction
Data used for machine learning is subdivided into sets used to train the data, the learning

part of the process, data to validate the process during learning, and data to test the final model.
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After the database was divided into training, validating, and testing sets, the study employed a
three-stage design to reduce the variables and create models for comparison. The first stage
reduced the total available variables via Random Forest to the top 5-10% of variables from each
questionnaire with the highest predictive value. Each questionnaire had a different number of
variables. The Student questionnaire began with 87 variables, the Teacher questionnaire began
with 226 variables, and the School questionnaire began with 85 variables.
The second stage combined the 31 preliminary values from each of the questionnaires into
a new database. Random Forest modeling was again used for variable reduction which resulted in
23 variables that best predicted student achievement. This full model was validated using the
reserved testing set of data to assess its ability to predict achievement for the combined group. The
full model was then evaluated for its capacity to predict student achievement at the national level
using individual nation data. This step confirmed the model’s ability to predict student
achievement at a national level.
The third stage of the study examined the variable importance for each nation. Higher
ranked variables in a model indicates the importance of the variable to the predictive power of the
model. Using the data from each of the nations, five new models were created. These models were
used to determine the variable importance at the national level and to determine what, if any,
differences between the nations existed.
The study relied on data mining techniques to reduce the pool of variables for each
questionnaire to variables with the largest practical significance. Data mining is a term for a variety
of machine learning techniques used to uncover patterns within large data. Data mining developed
as an extension of statistics (Berson & Smith, 2002) and uses algorithms to detect patterns.
Common techniques for data mining include classification and regression trees (CART), Chi-
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square automatic interaction detector (CHAID), neural networks, nearest neighbor, and clustering
(Berson & Smith, 2002). This study used a decision tree method known as a random forest.
Decision Trees
Random forest is a CART-based technique. Decision trees are flowcharts used to explore
or classify information through a series of choices (Berson & Smith, 2002). Decision trees are
similar to dichotomous keys used in to classify sets of numbers. A simple example of a decision
tree shown below in figure 3.2.
Can the number be
represented as a
ratio?
No.
The number is
irrational.

Yes.
The number is
rational.

Figure 3.2: Simple decision tree
The sample above only uses one variable, the ability to represent a number as a ratio to determine
whether or not it was rational. Each box in the above sample is called a node. The final nodes
along the bottom are called terminal nodes. By adding a second layer, the presence of positive and
negative values, for example, the decision tree could be used to classify the number further. The
tree could have also used other indicators to help classify the number as real or imaginary.
However, decision trees do not always work in reverse. All integers may be rational, but not all
rational numbers are integers. The rate of misclassification in a model is referred to as the
discordance rate (Srivastava, 2014). A good predictive model should have a discordance rate of no
more than 30% (Srivastava, 2014). Because a decision tree is grouping values into classes of
output, it is a classifier model.
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The process of creating a decision tree model is often called growing (Berson & Smith,
2002). Growing a tree starts with randomly dividing the data into either training, validation, and
testing sets or training and validation sets. The largest set is used to train the data. This data is used
to grow the decision tree. If more than one model is created, a validation set is used to determine
which model has a better fit. Finally, a testing set will be used to determine the accuracy of the
model.
The first step in growing a tree is to find an initial question, or splitting attribute (Tan,
2006), which has a high impact on the predictive value (Berson & Smith, 2002). This first splitting
attribute is called the root node (Analytics Vidhya Content Team, 2016). In the number
classification tree, the use of representing a number as a ratio has a high classification rate. Using
the wrong splitting attribute can result in misclassification; therefore, the choice of question is of
high importance (Berson & Smith, 2002). Variables can be used numerous times in a model. For
age classification, the first question may determine if a person is older than 80. Next, the no branch
can be further divided by subsequent questions of older than 70, older than 60, and so on. It is
important to note that in a decision tree, the subsequent age splitting attributes do not need to
follow in direct order. It may be more important to find out the gender next, and then each gender
branch may ask if the participant is younger than 40. This is part of the predictive value of decision
trees; the computer algorithm determines both the best splitting attribute and the order of the
attributes.
A perfect decision tree could be built by using an algorithm for creating all possible choices
and then finding the best choice. Even when a relatively small number of variables are involved,
this is not always practical. Additionally, large trees can reduce usefulness by overfitting the data.
Methods to avoid overfitting include constraints placed on growth (pre-pruning methods) or
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reducing terminal nodes with limited numbers of cases (post-pruning methods). Typically,
constraints are made on the growth of a tree by limiting the depth of a tree, when a node can be
split, or by the size of the resulting split. For example, figure 3.2 represents a simple decision tree
where only nodes with a least 70 cases can be split, and only splits that result in at least 30 cases
will be retained in the tree. While the node with 70 cases in figure 3.3 resulted in a split of 30/40,
it could be possible that a decision was not possible to obtain a minimum of 30 cases. If that would
have happened, the node with 70 cases would have become a terminal node.

Figure 3.3: Constraints on Decision Trees (Analytics Vidhya Content Team, 2016)
An alternative to building a single large tree is to build numerous smaller trees using a limited
number of different variables. This technique is called a random forest.
Random Forest
Random forest builds upon the decision tree technique. Instead of using all the variables to
build a single model, random forest builds numerous decision trees from a randomized subset of
variables. The limitation of the number of variables reduces the size of the tree, which allows for
the faster generation of the models. For example, a dataset may consist of 50 variables. A decision
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tree can have between 1 and 50 of those variables. The total number of combinations for this
example is, where k is the number of variables used:
50

∑
𝑘=1

50!
= 1,125,899,906,842,623
𝑘! (50 − 𝑘)!

By limiting the number of variables available to create a decision tree to five, the number of
possible decision trees is drastically reduced.
5

∑
𝑘=1

50!
= 2,369,935
𝑘! (50 − 𝑘)!

Smaller trees are also generated quicker. Thus, the use of smaller trees allows for more models to
be created for comparison. A set number of the total possible trees are generated during random
forest modeling, usually between 500 and several thousand. The process of determining the best
model requires tuning the parameters of the model (Williams, 2011). The tuning parameters in
Random Forest are the number of trees and the number of variables, called mtry. The initial mtry
amount is the approximate square root of the total available variables. If there are 50 variables
available, model building would begin with an initial mtry of 7. The mtry is increased by two until
the optimum results are achieved, usually no more than twice the total number of variables.
3.7

Model Creation
Random Forest modeling was used with the help of R and Rattle. R is an open source program

and software platform available at https://www.r-project.org/. Researchers and programmers can
create modules to aid in diverse statistical needs. For this study, an add-on to R called R Analytic
Tool to Learn Easily (Rattle) will be used to help generate the code needed. Rattle can be
downloaded at https://cran.r-project.org/package=rattle. As its name suggests, Rattle provides a
user-friendly interface for data mining. Besides model creation, validation, and testing, Rattle
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allows for data exploration, transformation, and imputation. Rattle produces a log of the commands
used during model building that can be copied, saved, and edited.
The information from each Random Forest model includes the percent of variance
explained, the percent increase in the Mean Square Error (MSE), and the increase in node purity
provided by each variable. The variance explained helps to access how well the model works to
classify the data. Higher values are preferred. The MSE is determined by removing each variable
from the model. Higher MSE indicate a variable that is more important to the value of the model
as a predictor of achievement. The increase in node purity refers to how important a variable is to
providing pure terminal nodes in the model and is a measure of total variance in the classification
model. Increase node purity is measured using the Gini index is modeled by the function
𝐾

𝐺 = ∑ 𝑝̂𝑚𝑘 (1 − 𝑝̂ 𝑚𝑘 )
𝑘=1

(James, Witten, Hastie, & Tibshirani, 2017). Variables can be removed from a model using either
MSE or GINI values. Using each method to build two different models and then selecting the bestresulting model was used as the variable selection method for this study.
Since large data will return seemingly statistically significant results in nearly all cases, pvalues are not appropriate for data mining. To evaluate performance for models with the
continuous outcome, a Predicted versus Observed (Pr v Ob) chart is considered an appropriate
method (Williams, 2011). A Pr v Ob chart is a type of scatterplot which uses the predicted and the
observed score values as the x- and y-axis. Two trend lines are included in the chart to aid in
evaluation. A traditional trendline behaves as usual on a scatterplot. A perfect trendline indicates
how data would align if the model was perfect. Pr v Ob charts include a pseudo R2 value to aid in
evaluation. The pseudo R2 is modeled by the function
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𝑚𝑠𝑒

𝑝𝑠𝑒𝑢𝑑𝑜 𝑅 2 = 1 − 𝑣𝑎𝑟(𝑌).
3.7.1 Avoiding Human Bias
The inherently statistically significant results are not the only difference between
traditional research methods and machine learning techniques such as Random Forest. Traditional
research methods require the researcher to use prior research to aid in the decision of which
variables to include in a model for statistical analysis. In machine learning, the algorithms do the
decision making. The specifics of the variable’s label or meaning are not consulted to help prevent
human bias from influencing choices as much as possible. The goal of this type of analysis is to
uncover the unexpected relationships human interaction would miss.
The goals for variable reduction were to select variables from each questionnaire that
contributed the unique information, to use the fewest variables necessary, and to obtain a viable
model. For this study, specific guidelines were followed to prevent human bias from being part of
the variable selection process. Correlation plots and tables were used to determine uniqueness.
Variables that were highly correlated were examined for their importance to the model based on
MSE and GINI ranking. The lower value was discarded in most instances. If two moderately
correlated variables were ranked very high according to MSE or GINI, both variables were
retained. Variables were reduced in small groups of one, two, or three at a time. Every variable
reduction influences the relationships between the remaining variables, often in unexpected ways.
After each reduction, variable plots were created to see if the reduction caused adverse results.
The cleanest correlation plot, with the fewest variables that produce viable results, was selected as
the best model for each stage of model creation.
Once the models were created, the meanings of the variables were examined. The goal of
this stage was to determine which variables produced the best model according to the machine
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learning techniques. Because of this, the final model resulted in some typical variables not being
included as the selection method determined they were not needed.
3.8

Assumptions of the Study
This purpose of this study is to create and analyze a viable model of student achievement on

the 4th Grade TIMSS mathematics assessment. The following assumptions will be made when
conducting the study:
1. Data received from IEA is accurate.
2. All students participating in TIMSS answered the mathematics items to the best of their
ability.
3. All students, parents, teachers, and principals participating in TIMSS answered the
questionnaires honestly and to the best of their ability.
3.9

Limitations of the Study
This study is limited to the participating nations of the 4th Grade TIMSS 2015 mathematics

assessment. Achievement is predicted for students of participating nations on combined and
national levels. The full model’s purpose is to find the best choice of variables to predict
achievement for the group of nations in this study and to determine if it has predictive value
individually. The national level models were created using a collective data set and are for the
comparison of variable importance. The variable set obtained from the selection process for the
group of nations may not reflect the best choice of variables for each nation if they had been
selected using only the data from each nation individually. The results are valid for the group of
4th-grade students from the study nations during the 2015 assessment cycle. As noted before,
TIMSS data does not reflect the performance of individual students.
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3.10

Summary
This chapter has outlined the research methods that were used in this study. The database

was divided into training, validation, and testing sets. Using the data mining technique of Random
Forest, the large number of variables available from the 4th Grade TIMSS 2015 mathematics
assessment database was reduced to those variables which were most predictive of student
achievement. The refined variable list was then used to create a full model of student achievement
using Random Forest modeling. Models were created using the training sets and performance
evaluated using the validation sets. After a viable model predictive of international student
achievement was created, the model was further validated using individual nation data to
determine how well the collective model performed at the national level. Finally, the data from
each nation was used to create new models to determine the variable importance and to compare
the individual nation results to the collective model.
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Chapter 4: Results
4.1

Introduction
The purpose of this study is two-fold. First, to determine if data mining is used to determine

which variables from the 4th Grade TIMSS 2015 Mathematics assessment have the greatest effect
in predicting achievement for the students and, second, can national/cultural differences be
determined using data mining results. To accomplish these goals, the following research questions
were developed:
1. Which variables from each background questionnaire contribute the greatest practical
significance in terms of predicting international student achievement on the 4th Grade
TIMSS 2015 Mathematics assessment?
2. How well does a collective model for predicting student achievement on the 4th Grade
TIMSS 2015 Mathematics assessment predict national student achievement?
3. How are differences in variable importance, if any, in predictive models of the 4th Grade
TIMSS 2015 Mathematics assessment related to national culture?
To answer the research questions, variables from the 4th Grade TIMSS 2015 mathematics
assessment background questionnaires were used as input variables and the set of plausible values
were used as target variables in a series of random forest data mining models.
Four background questionnaires were available for this study. The student questionnaire
was completed by this student and measured characteristics such as demographics, home
environment, school climate, and self-perception. The home questionnaire was completed by the
student’s parent and measured characteristics such as home resources, early childhood abilities,
quantitative readiness, parental attitudes, and parental demographics. The school questionnaire
was completed by the school site principal and measured school characteristics, instructional time,
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resources, technology, and parental involvement. The classroom questionnaire was completed by
the teacher and measured teacher characteristics such as teacher background, collaboration, job
satisfaction, education and training, and professional development. Additionally, the classroom
questionnaire measured classroom characteristics such as instructional time, materials, activities,
equipment, homework, and assessments.
All five of the nations in this study, Germany, Kazakhstan, the Republic of Korea, Kuwait,
and the United States completed the student, school, and classroom questionnaire. The United
States did not participate in the home background questionnaire. Therefore, the model created for
this study consisted of data from the student, teacher, and school questionnaires.
4.2

Creating the Random Forest Models
To answer the three research questions, a series of Random Forest classification models

were created. For the first question, a set of models were used to reduce the number of variables
from each background questionnaires. The reduced set of variables from each questionnaire
represented the subset of the total questionnaire variables that contributed the most to the
classification model for student achievement. For the second question, the reduced variables were
combined to create a collective model intended to provide a global view of the variable importance
and to determine if Random Forest could be used to predict student achievement. For the third
question, new models were created using training data from each individual nation. These models
were used to create variable importance lists for comparison.
The data from each of the study nations for the student questionnaires were merged into a single
SPSS file using the IEA IDBAnalyzer tool. As part of the TIMSS assessment, nations have the
option to insert unique items to help address nation specific concerns. Since this study compared
five nations, only common variables applied. Therefore, variables that were specific to an
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individual country were not selected. Derived variables were also not selected for this study with
the exception of the total hours of instruction for each school. The IEA IDBAnalyzer tool created
SPSS syntax which was used to combine the selected data from each country into a single data
file. The data file was checked to determine the correct nations and number of participants were
imported by conducting a frequency analysis. The results of the frequency analysis are in table 4.1.
All nations in the study, with the exception of Kazakhstan, met the goal of 5,000 participants. After
the file was confirmed, it was saved in both SPSS and .csv formats on a secure external drive. The
procedure was repeated for the teacher and school questionnaires.
Table 4.1: SPSS Frequency Analysis

Nation
Germany
Kazakhstan
Korea, Republic of
Kuwait
United States
Total

Frequency
5615
4702
5930
7615
12119
35981

Percent
15.6
13.1
16.5
21.2
33.7
100.0

Cumulative
Percent
15.6
28.7
45.2
66.3
100.0

It is noted in table 4.1 that the number of participants from the United States seems very
large compared to the other nations. Using data from table 3.3, it is noted that the United States
has 25 million students enrolled in primary school. Although the exact number of students in
fourth-grade was not reported, an approximation for each country can be calculated by dividing
primary students by the years of primary school. The resulting value can be used to find an
approximate rate of participants in TIMSS to fourth-grade students for each nation. Kuwait had
the largest percentage of total student population participating in TIMSS 2015 (10.76%), followed
by Kazakhstan (1.12%), the Republic of Korea (1.07%), Germany, (0.60%), and the United States
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(0.24%). Although the United States had the largest number of students, it had the smallest
proportion of its fourth-grade students taking part in the assessment. Kazakhstan’s low number of
participants was the second largest rate of participants. To prevent the unequal values from
skewing the results, the student weight factor was used.
4.3 Stage One: Reduction of Questionnaire Variables
The first research question for this study asks which variables from each background
questionnaire contribute the greatest practical significance to predicting student achievement. The
first series of Random Forest models was used to answer this question. Representative code can
be found in Appendix C. The Random Forest models for this stage followed the following
sequence of steps. First, each questionnaire data file was imported into Rattle for analysis with the
first plausible value set as the target, the remaining four plausible values and variables from the
questionnaire set as input values, and student weight factor selected. Using a random seed
generator value of 42, the data was partitioned in a 70/15/15 ratio for the train, validate, and test
sets. A summary of the data was generated to confirm the correct variables were selected. Next, a
baseline correlation plot was created using all input variables and plausible values to look for
patterns in correlations related to the plausible values. Continuing with the first plausible value as
the target, the tuning parameters for the Random Forest models were established, beginning with
the defaults values suggested by Rattle and adjusting as needed. With the parameters set, Random
Forest was used to create models for the remaining plausible values. The resulting output from the
Random Forest models was recorded in an excel file, and then an average set of values for MSE
and GINI was calculated.
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4.3.1 Student Questionnaire
A total of 26,941 observations and 85 input variables were selected for the preliminary
analysis. A summary exploration was performed to confirm the correct variables were selected. A
correlation plot was generated which included plausible value one as the target and the remaining
four plausible values as inputs to look for any high correlations between variables. By including
the plausible values in the baseline, plot patterns can emerge as to the degree of influence on the
achievement scores. Correlation plots are graphic representations of correlation tables. The plots
in this study used blue to represent positive correlations and red to represent negative correlations.
Larger correlations are represented by both deeper color saturation and larger dot size. Blank areas
indicate little to no correlation. When areas of interest are noted, the correlation table is consulted
for the precise value. The baseline plot, figure B.4.1 is included in Appendix B.
Near perfect correlation between the plausible values was expected and confirmed. One
other pairing of variables also showed an even higher correlation as evident in the lower right
section of figure B.1. The correlation table was consulted and showed a perfect positive correlation
between the two variables. To avoid bias during machine learning processes such as Random
Forest, variable coding is often used to mask the variable description. The decisions to either retain
or remove variables are based on the returned values. In a case where an unexpected result happens,
it is sometimes necessary to examine what the variables represent. In this case of perfect
correlation, the meaning of the variables was looked up from the codebook. Both variables record
the gender of the student, one in the included demographics (ITSEX) and the other as self-reported
by the student (ASBG01). The decision was made to include the self-reported value if one of the
values needed to be excluded during variable reduction. There was one variable in the upper left
quadrant of figure B.4.1 which showed a negative correlation with respect to the plausible values.
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Most other associations were positive. Areas of moderately high correlation were noted in several
clusters. When using the entire questionnaire, it is anticipated to see numerous areas of moderate
correlation since questions are in groups by subtopics such as learning materials available in the
home and feelings towards subjects in school.
The initial Random Forest Model tuning parameters were set at the Rattle suggested default
values of 500 trees and mtry 9. The variable setting reflected the square root of the total variables
used. Missing values were imputed. The model explained 68.38% of the total variance in the
assessment results. An error plot was created and showed a substantial decrease in errors. The plot,
figure 4.1, showed a rapid decrease in errors as the number of trees approached a value around 50
and then began to level off to a barely perceivable amount. This indicated that the parameter for
trees was set correctly at 500 trees.

Figure 4.1: Student Questionnaire Error Plot

The model was evaluated for fit using the validation data set to create a Pr v Ob chart,
figure B.2, is included in Appendix B. The results had a Pseudo R-squared of 0.5134. The mtry
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parameter was increased to 11, and the analysis was repeated. The new model increased the
variance explained to 68.71% and the pseudo R2 to 0.5141 indicating a minor change when
adjusting the variable tuning parameter. The Pr v Ob plot for mtry 11, figure 4.2 is shown below.
The 11-variable model was used for the analysis since it had slightly better results.

Figure 4.2: Predicted versus Observed mtry 11
The Pr v Ob chart indicated the model performed better with moderate to high achievement
scores. Observed scores (x-axis) below 400 showed little correlation with predicted values (y-axis)
as seen in figure 4.2. In the data set, approximately 17% of students achieved below 400 for their
first plausible value. This could indicate that the final models may have limitations associated with
lower achievement values.
Once the proper tuning parameters were identified, the variable importance chart was
created. The variable importance chart, figure 4.3, is a graph using the GINI index, which is based
on increased node purity. Figure 4.3 indicates the first variables contribute much more to the model
although in a rapidly decreasing manner. After the top few variables, the importance begins to
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decline much slower, creating large sections with similar importance. Although difficult to see
with all variables included in the chart, both gender identification variables, ASBG01, the selfreported gender and ITSEX, the gender as reported in the demographics, ranked near the bottom
of the chart.

Figure 4.5: Student Variable Importance Chart by GINI

74

The values from the numeric display of variable importance were sorted by the increase of Mean
Square Error (MSE) if the variable were to be removed. The same distribution of variable
importance is noted when the data is sorted by MSE as was for GINI. The first variables were
much more critical to the model than those who followed. The top four variables using the two
sorting methods were the same, albeit in a different order. Table A.1 displays the values for
variable importance sorted according to the reduction in mean square error is included in Appendix
A.
Using the refined tuning parameters, the remaining four plausible values were modeled,
evaluated, and recorded. The variance explained was obtained from the Random Forest results
and recorded. The Pseudo R2 was obtained from the Pr v Ob charts and recorded. The general
pattern for each plausible value shown on the was consistent with the model exhibiting weaker
performance for actual values below 400 on the Pr v Ob charts, figures B.3, B.4, B.5, and B.6.
Denser clustering was noted for higher values. The Random Forest results showed consistent
variable importance ranking for all five plausible values. The model results for each plausible
value are summarized in table 4.2. The Pr v Ob charts for plausible values 2 through 5 are included
in Appendix B.
Table 4.2: Student Questionnaire Model Summary
Plausible Value
Var Explained
Pseudo R2

1
68.71
0.5141

2
68.91
0.5129

3
68.67
0.5098

4
68.8
0.5183

5
68.62
0.5101

Average
68.74
0.5130

Using Excel, the results from the five Random Forest models were sorted alphabetically.
Next, the averages for MSE and GINI were calculated. The increase in MSE represents the results
of removing a particular variable from the model. The GINI index represents the increase in node
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purity. The results were first ranked by decreasing MSE. Then, the results were ranked by
decreasing GINI. The top 20 variables from each sorting were selected as the initial variables in
the reduction process. The top 20 ranked MSE and GINI variables can be found in Appendix A,
table A.2.
Student MSE Reduction
The MSE value represents the increase in error for each variable if it were removed from
the model. Using MSE rank order, the top 20 variables were selected as input, plausible value one
was set as the target, the student weight factor was chosen, and the remaining variables set to
ignore. A correlation plot was created which indicated several areas of high to the moderate
positive correlation between the variables as indicated on the left side of figure 4.6. The variables
with the lowest MSE were removed, and a new correlation plot created. The procedure was
repeated until a correlation plot revealed variables that uniquely contributed to the model
remained, the right side of figure 4.6. The preliminary set consisted of 11 variables. The contrast
between the correlation plots of the initial set of 20 variables and the reduced set of 11 variables
shows the decrease in areas of correlation and is noted when comparing both plots figure 4.6.
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Figure 4.6: MSE Correlation Plots Before and After Reduction
Tuning was done on the set of variables to determine the best Random Forest model
beginning with 500 trees and mtry 3. The number of trees was evaluated using an Error Rate chart
and was determined to be acceptable. The model was evaluated with the validation dataset by
plotting the Pr v Ob charts using mtry values of 3, 5, and 4. The error rate chart and Pr v OB charts
can be found in Appendix B figures B.7 through B.10.
Student GINI Reduction
The procedure used to reduce the variables according to MSE was repeated using the GINI
values. The GINI value represents the increase in node purity when the variable is used in the
model. The top 20 GINI ranked variables were reduced to ten variables. The correlation plot for
the 20 variables and the reduced set of 10 variables are presented in figure 4.7. Although there was
a significant reduction in the amount of correlation evident in the plot, there were still some
variable pairings that showed moderate correlation.

Figure 4.7: GINI Correlation Plots Before and After Reduction

77

Tuning was repeated as for MSE reduction with an initial mtry 3 and trees set at 500. The tree
parameter was confirmed by the error plot. Additional mtry values of 5 and 4 were evaluated.
These plots can be found in Appendix B, figures B.11 through B.14.
Both selection methods created models with similar performance. The GINI mtry 3 model
had the highest Pseudo R2 value; however, the MSE models all had larger variance explained and
a cleaner correlation plot. A correlation table, figure A.3, was created for the MSE set of reduced
variables which confirmed the low correlation values. Figure A.3 is included in Appendix A. The
MSE mtry 4 model was selected for further analysis of plausible values two through five due to a
higher percent variance explained than mtry 3 and a higher Pseudo R2 than mtry 5. The results are
for all reduction models are summarized in table 4.3.
Table 4.3: Reduced Student Model Summary
Selection
MSE
MSE
MSE
GINI
GINI
GINI

# Variables
11
11
11
10
10
10

Trees
500
500
500
500
500
500

mtry
3
5
4
3
5
4

% Var
55.40
55.87
55.83
54.66
54.99
55.05

Pseudo R2
0.4170
0.3983
0.4064
0.4182
0.3940
0.4020

The results of the model for the first plausible value was recorded in an Excel file, and then
Random Forest models were created for the remaining plausible values. These results were also
recorded in Excel and the averages calculated as they were for the full set of school variables. The
results were consistent across the five plausible values with a range of variance explained of 0.85
and Pseudo R2 of 0.0092. The results are summarized in table A.4, in Appendix A. The Pr v Ob
charts for plausible values two through five are in Appendix B, figures B.15 through B.18. The
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variable reduction reduced the original number of variables by 87.06% while retaining 83.38% of
the variance explained and 80.25% of the Pseudo R2.
The 11 variables were sorted alphabetically in excel and the averages calculated for MSE
and GINI. Since a model based on MSE was selected as the best model, the variables were sorted
according to MSE to determine the variable importance. Since variable reduction would continue
in the collective model, the descriptions of the variables were still masked at this stage of the study.
However, in the interest of clarity for the reader, they have been recorded in table 4.4 along with
the MSE and GINI values. All of the variables would increase the MSE by over 100% if removed.
The highest ranked variable, “How often do you speak the language of the test at home?” had an
MSE of nearly 309, indicating the removal of that variable would triple the MSE of the model.
The GINI values represented similar rank order for variance importance, with only a few
exceptions.
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Table 4.4: Reduced Student Model Variable Importance
Variable

MSE

ASBG03

Description
How often do you speak the language of the test at
home?

GINI

ASBG04

About how many books are there in your home?

257.34 22581894

ASBM03B

How much do you agree with this statement, I usually
do well in mathematics?

205.93 12989619

ASBM03A

168.14 10875744

ASBG08

How much do you agree with this statement,
Mathematics is harder for me than for many of my
classmates?
About how often are you absent from school?

ASBG05A

Do you have a computer or tablet of your own?

154.39 10135036

ASBG10C

How often do you use a computer or tablet for school
work in some place other than home or school?

151.38 10476220

ASBS04C

How much do you agree with this statement, Science
is boring?

135.21

8687747

ASBG09

How often do you eat breakfast on school days?

130.54

8196261

ASBG12E

How often have other students hit or hurt you?

130.53

8324616

ASBG11E

How much do you agree that teachers at your school
are fair to you?

125.04

7218646

308.97 35726775

160.96 11305586

4.3.2 Teacher Questionnaire
The procedures creating a reduced set of variables for the student questionnaire were
repeated for Teacher questionnaire. A total of 226 input variables were selected for the preliminary
analysis. A summary exploration was performed to confirm the correct variables were selected. A
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correlation plot was generated which included the first plausible value as the target and the
remaining four plausible values as inputs to look for any high correlations between variables. As
with the Student baseline correlation plot, numerous areas of high correlation were observed.
However, due to the numerous number of variables, specific interactions could not be determined
without consulting numeric values. The correlation plot, figure B.19, is included in Appendix B.
The initial tuning parameters were set at the default 500 trees and mtry 15. Missing values
were imputed. An error plot, figure B.20, was created it was determined that the tuning parameter
for the number of trees was appropriately adjusted. Figure B.20 is located in Appendix B. A Pr v
Ob chart, figure B.21, showed the model explained 63.28% of the total variance and had Pseudo
R2 of 0.3934.
The mtry was adjusted to 16, and the new model was evaluated using the validated data
set. A mtry of 16 decreased both the variance explained to 63.27% and the Pseudo R2 slightly to
0.3932 as shown in figure B.22. The mtry 16 model was selected due to the slightly higher variance
explained and a variable importance chart was created, figure B.23. Figure B.23 indicated that the
top-ranked variables accounted for a majority of node purity, while most of the variables
contributed little to node purity. Random Forest models were created for the remaining plausible
values. The variable importance table with variables sorted according to a decrease in mean square
error, table A.5, is in Appendix A. Figures B.21 through B.23 are located in Appendix B.
Using the refined tuning parameters, the remaining four plausible values were modeled,
evaluated, and recorded. The variance explained was obtained from the Random Forest results
and recorded. The Pseudo R2 was obtained from the Pr v Ob charts, figures B.24 through B.28,
and recorded. Figures B.24 through B.28 are located in Appendix B. The general pattern for each
plausible value shown on the was consistent with each other as can be seen in figures B.24 through
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B.28. The pattern was also consistent throughout the score range, unlike the Student models,
figures B.14 through B.18. The Random Forest results as recorded in table 4.5 showed consistent
variance explained and Pseudo R2 for all five plausible values.
Table 4.5: Teacher Preliminary Model Summary
Plausible Value
Var Explained
Pseudo R2

1
63.28
0.3934

2
63.45
0.4070

3
63.41
0.4091

4
62.83
0.3966

5
62.36
0.4085

Average
63.07
0.4029

The preliminary Random Forest provided information to aid in the selection of top
variables. Similarities occurred when the variables were sorted by increased MSE, and increased
node purity (GINI) as shown in table A.6 in Appendix A. Both sorting methods ranked the
following variables highly:
How many fourth-grade students experience difficulties understanding the spoken
language of the test?
How old are you?
During your post-secondary education was your major or main area of study
Primary/Elementary education?
How would you characterize the parental involvement in school activities within your
school?
The top 20 variables according to each sorting method were selected to be used for the next stage
in model building.
Teacher MSE Reduction
The MSE value represents the increase in error for each variable if it were removed from
the model. Using MSE rank order, the top 20 variables were selected as input values, plausible
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value one was set as the target, the student weight factor was chosen, and the remaining variables
were set to ignore. A correlation plot was created which indicated several areas of high to the
moderate positive correlation between the variables as noted in the left plot of figure 4.8. The
variables with the lowest MSE were removed, and a new correlation plot created. The procedure
was repeated until a correlation plot revealed variables that uniquely contributed to the model
remained as seen in the right plot of figure 4.8. The preliminary set of 226 variables was reduced
to 13 variables. Figure 4.8 with the baseline and reduction MSE correlation plots are presented
here.

Figure 4.8: MSE Correlation Plots Before and After Reduction

Tuning was done on the set of variables to determine the best Random Forest model
beginning with 500 trees and mtry 3. The number of trees was evaluated using an Error Rate chart
and was determined to be acceptable, figure B.29 in Appendix B. The model was evaluated with
the validation dataset by plotting the Pr v Ob chart, figure B.30. Two more models with mtry at 5,
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figure B.31, and mtry 4, figure B.32, were created and the results recorded. Figures B.30 through
B.32 are in Appendix B.
Teacher GINI Reduction
The procedure used to reduce the variables was repeated using the GINI values. The GINI
value represents the increase in node purity when the variable is used in the model. The correlation
plot for the 20 variables and the reduced set of 11 variables are presented in figure 4.9.

Figure 4.9: GINI Correlation Plots Before and After Reduction

Tuning the GINI reduction began with the default 500 trees and a mtry of 3. The error plot
confirmed that the parameters for the number of trees were adequate, figure B.33. The mtry 3
produced a model with 63.49% variance explained and a Pseudo R2 = 0.3945. Additional models
were created for mtry values of 5 and 4. The error plot and Pr v Ob charts mtry 3, mtry 5, and mtry
4 are presented in figures B.34, B.35, and B.36, respectively and are located in Appendix B. The
mtry of 3 had the largest amount of variance explained while the mtry of 5 had the largest Pseudo
R2. Table 4.6 summarizes the MSE and GINI reduction models.
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Table 4.6: Reduced Teacher Model Summary
Selection
MSE
MSE
MSE
GINI
GINI
GINI

# Variables
13
13
13
11
11
11

Trees
500
500
500
500
500
500

mtry
3
5
4
3
5
4

% Var
63.44
63.29
63.33
63.49
63.35
63.42

Pseudo R2
0.3913
0.3921
0.3918
0.3945
0.3958
0.3955

The Teacher reduction resulted in similar variance explained and Pseudo R2 results for both
MSE and GINI selection methods. While the MSE had a cleaner correlation plot, the GINI mtry 3
reduction was chosen since it had fewer variables and slightly higher variance explained. The
reduced model included the following 11 variables displayed in table 4.7 with their respective
MSE and GINI values.
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Table 4.7: Reduced Teacher Variable Importance
Variable
ATBG13

Description
How many fourth-grade students experience difficulties
understanding the spoken language of the test?

MSE

GINI

140.56 32979195

ATBM01

In a typical week, how much time do you spend teaching
mathematics to the students in this class?

118.09 21322333

ATBG05AA During your post-secondary education was your major or
main area of study Primary/Elementary education?

89.2 16939158

ATBG12B

How many of the student in this class are in the fourth grade?

ATBG03

How old are you?

97.22 15019648

ATBG06F

How would you characterize the parental involvement in
school activities within you school?

92.49 13153333

ATBG09D

How often do you visit another classroom to learn more
about teaching?

95.49

9811778

ATBS05BG

How well prepared do you feel you are to teach electricity
and simple circuits?

74.97

9657432

ATBG14D

How often do you ask students to complete challenging
exercises that require them to go beyond the instruction?

93.71

8883040

ATBG04

What is the highest level of formal education you have
completed?

87.35

8117920

ATBG15B

In your view, to what extent does students suffering from
lack of basic nutrition limit how you teach this class?

53.26

5466862

129.61 15314105

Since the model chosen was based on GINI, the variables reduced the list of variables were
sorted accordingly in table 4.7. The variable importance based on GINI generally matched the
rankings for MSE, with a few more discrepancies that were noted for the Student reduction.
However, they were a match for the most and least ranked important variables.
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The results for each of the plausible values for the Teacher questionnaire were consistent
for both variance explained with a range 0.62, and Pseudo R2 range of 0.0179 as shown in table
A.7 in Appendix A. The model reduction for the Teacher questionnaire performed better than the
Student questionnaire model according to the variance explained. However, the evaluation of the
model reported a slightly smaller average Pseudo R2. The reduction model retained only 4.87% of
the original variables and slightly increased variance explained by 0.63% and Pseudo R2 by 0.57%.
The correlations were recorded in table A.8 and showed small correlations for most
pairings. Tables A.8 is located in Appendix A. Very few variables had a negative correlation.
Correlations were primarily in the positive single digits; however, there was one pairing that was
higher than the others:
How many fourth-grade students experience difficulties understanding the spoken
language of the test? and How many of the student in this class is in the fourth grade?
(r=0.31)
4.3.3 School Questionnaire
The reduction for the School questionnaire followed the procedures as presented before
with the exception being the School questionnaire did not use the student weight. A total of 87
input variables were selected for the preliminary analysis. A summary exploration was performed
to confirm the correct variables were selected. A correlation plot was generated which included
the first plausible value as a target and the remaining four plausible values as inputs to look for
any high correlations between variables and possible relationships with the target variables. The
correlation plot, figure B.37, is included in Appendix B.
Figure B.37 revealed medium to strong correlation in the upper right quadrant and scattered
throughout the rest of the plot as expected. The initial Random Forest Model tuning parameters
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were set at 500 trees and mtry 10. Missing values were imputed. The model explained 59.43% of
the total variance in the assessment results. The model information was copied to an Excel file for
later analysis with the results from the other plausible values. An error plot, figure B.38, was
created and showed a substantial decrease in errors. It was determined that the tuning parameter
for the number of trees was correctly adjusted.
The model was evaluated for fit using the validate test set to create a Pr v Ob chart, figure
B.39. The results indicated a Pseudo R-squared of 0.6249. The number of variables was increased
to 12, and the analysis was repeated. The new model slightly decreased the variance explained to
59.41% and the pseudo R2 to 0.6244 as shown in figure B.40. The ten-variable model was used
for the analysis since it had better results. Figures B.38 through B.40 are in Appendix B. The Pr
v Ob chart, figure B.39, indicated the model performed better with moderate to high achievement
scores, similar to the Student Questionnaire. Observed scores below 400 showed little to no
correlation between predicted and observed values.
Once the proper tuning parameters were identified, the variable importance chart was
created, figure B.41 in Appendix B. The variable importance chart was very different when
compared to the other questionnaires. When looking at figure B.41, many more variables indicated
substantial contributions to the model with a distinct drop in importance after the top portion of
the chart. The MSE rankings, table A.9, showed very little difference in value between the top 20
variables with no changes as is evident in the GINI chart and is located in Appendix A.
Using the refined tuning parameters, the remaining four plausible values were modeled and
evaluated. The variance explained was obtained from the Random Forest results and recorded in
Excel. The Pseudo R2 was obtained from the Pr v Ob charts, figures B.42 through B.45, and
recorded. The general pattern for each plausible value shown on the was consistent with the model
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exhibiting weaker performance for actual values below 400 on the Pr v Ob charts. Denser
clustering is noted for higher values. The Random Forest results showed consistent variable
importance ranking for all five plausible values. Table 4.8 summarizes the results for the five
plausible values.
Table 4.8: School Questionnaire Model Summary
Plausible Value
Var Explained

1
59.43

2
59.91

3
59.71

4
59.39

5
59.72

Average
59.63

Psuedo R2

0.6249

0.6285

0.6309

0.6235

0.6309

0.6271

A noticeable change in variable importance was noted after the top 14 variables for both sorting
methods; therefore, the top 14 variables from the school reduction were selected according to both
MSE and GINI sorting methods. Table A.10 with the selected variables according to MSE and
GINI is located in Appendix A.
School MSE Reduction
The MSE value represents the increase in error for each variable if it were removed from
the model. To perform the variable reduction the top 14 variables from the MSE sort were selected
as input values, plausible value one was set as the target, and the remaining variables were set to
ignore. A correlation plot was created which indicated several areas of high to the moderate
positive correlation between the variables as noted in the left plot of figure 4.10. No significant
areas of negative correlation were observed. The variables with the lowest MSE were removed,
and a new correlation plot created. The procedure was repeated until a correlation plot revealed
nine variables that uniquely contributed to the model remained as noted in the right plot of figure
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4.10. Although not as clean as other reduction correlation plots, the results were considered
acceptable.

Figure 4.10: MSE Correlation Plots Before and After Reduction
Tuning was done on the reduced set of nine variables to determine the best Random Forest
model beginning with 500 trees and a mtry of 3. The number of trees was evaluated using an Error
Rate chart and was determined to be acceptable, figure B.46. The model was evaluated with the
validation dataset as recorded by plotting the Pr v Ob chart, figure B.47, and a second tuning with
mtry 4 was conducted, figure B.48. Figures B.47 through B.48 can be found in Appendix B.
School GINI Reduction
The GINI value represents the increase in node purity when the variable is used in the
model. The procedure used to reduce the variables for the MSE reduction was repeated using the
GINI values to reduce the variables. The initial correlation plot revealed numerous areas of high
and moderate positive correlation prior to reduction as noted in the left plot of figure 4.11. A series
of reductions was able to reduce the strong correlations but was unable to produce a clean plot.
Therefore, the reduction was stopped at ten variables. The correlation plot for the 14 variables and
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the reduced set of ten variables are presented in figure 4.11 shows the numerous areas of
correlation.

Figure 4.11: GINI Correlation Plots Before and After Reduction
Tuning was done on the set of variables to determine the best Random Forest model
beginning with 500 trees and a mtry of 3. The number of trees was evaluated using an Error Rate
chart, figure B.49, and was determined to be acceptable. The model was evaluated with the
validation dataset using Pr v Ob charts for mtry 3 and 4, Figures B.50 and B.51, respectively.
Figures B.49 through B.51 are located in Appendix B.
Both MSE and GINI had similar results for variance explained and Pseudo R 2 when
evaluated. The MSE mtry 3 model was selected to model the remaining plausible values since it
had a slightly better performance and a much cleaner correlation plot. Table 4.9 summarizes the
results of the variable reductions.
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Table 4.9: Reduced School Model Summary
Selection
MSE
MSE
GINI
GINI

# Variables
9
9
10
10

Trees
500
500
500
500

mtry
3
4
3
4

% Var
59.58
59.53
59.49
59.40

Pseudo R2
0.6280
0.6276
0.6258
0.6256

The remaining four plausible values were modeled using Random Forest and the results
recorded. Each plausible value was evaluated with a Pr v Ob chart, figures B.52 through B.55 in
Appendix B. As with the previous reduction models; the variance explained and Pseudo R2 were
consistent across the five plausible values with a range of 0.50 and 0.0062 respectively as found
in table 4.10. The Pseudo R2 was larger for the School questionnaire than for either the Student or
Teacher questionnaires.
Table 4.10: Reduced School Plausible Values Results
Plausible Value
Var Explained
Pseudo R2

1
59.58
0.6280

2
60.04
0.6312

3
59.88
0.629

4
59.54
0.6264

5
59.89
0.6326

Average
59.79
0.6294

The nine variables were sorted by their average MSE values as shown in table 4.11. The
lowest MSE value for the nine variables was 57.92, similar to the lowest MSE for the teacher
reduction of 53.26 as found in table 4.7, but much lower than the lowest MSE for the student
reduction of 125.04 found in table 4.4. The MSE and GINI values were not as well aligned as they
were with the other two reduction models which showed similarities in the highest and lowest
ranked variables. While the lowest ranking variable was the same for both MSE and GINI, but the
highest ranked differed greatly between the two sorting methods. The number one ranked variable
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according to MSE aligned with the second highest ranked variable for GINI. The highest ranked
variable for GINI was ranked sixth for MSE.
Table 4.11: Reduced School Variable Importance
Variable
ACBG06B

Description
Does your school provide free lunch for students?

MSE

GINI

121 19448403

ACBG19

By the end of this school year, how many years will you have
been a principal altogether?

ACBG12A

Does your school have a science laboratory that can be used
by fourth-grade students?

100.6 10357804

ACBG03A

Approximately what percentage of students in your school
come from economically disadvantaged homes?

94.46

9902239

ACBG05B

Which best describes the immediate area in which your
school is located? (Urban, Suburban, etc.)

76.63

6216366

ACBG08A

How many days per year is your school open for instruction?

75.02 19609862

ACBG13BA If you have a school library, approximately how many titles
of print magazines and other periodicals does your school
library have?
Approximately what percentage of students in your school
ACBG04
have the language of the test as their native language?
ACBG06A

Does your school provide free breakfast for students?
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8434935

63.37

6095644

59.26

5318014

57.92

4611689

The reduced school model had higher correlations than the other two models as noted in
figure 4.11 and the correlation table, table A.11 located in Appendix A. The largest correlation
was between variables:
Does your school have a science laboratory that can be used by fourth-grade students?
and
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Approximately what percentage of students in your school have the language of the test as
their native language? (r= 0.31)
The rest of the correlations were 0.26 or lower, and only one pairing displayed a negative
correlation, that is between:
Does your school provide free breakfast for students? and
Approximately what percentage of students in your school come from economically
disadvantaged homes? (r= -0.16)
4.4

Stage Two: Collective Model Creation
Having established the variables that contributed most to the predictive model from each

questionnaire, the next step was to prepare models to answer the second question of the study:
How well does a collective model for predicting student achievement on the 4th Grade
TIMSS 2015 Mathematics assessment predict national student achievement?
To answer the study question, the reduced set of variables from each questionnaire were combined
in preparation for creating a collective model for the five nations. The preliminary reductions
resulted in a total of 31 variables to use for creating the collective model, 11 variables each from
the Student and Teacher questionnaires and nine variables from the School questionnaire. The
reduce variables, and a brief description of each survey question are presented in table 4.12,
grouped by Student (AS****), Teacher (AT****), and the School (AC****) questionnaires.
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Table 4.12: Reduced Variables for Full Model Creation
Variable
ASBG03
ASBG04
ASBG05A
ASBG08
ASBG09
ASBG10C
ASBG11E
ASBG12E
ASBM03A
ASBM03B
ASBS04C
ATBG03
ATBG04
ATBG05AA
ATBG06F
ATBG09D
ATBG12B
ATBG13
ATBG14D
ATBG15B
ATBM01
ATBS10BG
ACBG03A
ACBG04
ACBG05B
ACBG06A
ACBG06B
ACBG08A
ACBG12A
ACBG13BA
ACBG19

Brief Description
How often speak the language of the test at home
How many books in your home
At home possess\computer tablet own
About how often absent from school
How often breakfast on school days
Use computer tablet for homework\other
Teachers fair
How often hurt by others
Usually do well in math
Math is harder for me than for others
Science is boring
Age of teacher
Level of formal education completed
Major area of study\education prim
How do you characterize\parental involvement
Interactions teachers\visits
Number of students in class are in<4th grade>
Amount of class with language difficulties
How often\beyond instruction
Lack of nutrition limits teaching
Time spent mathematics
How prepared to teach\physical\electrical circuits
Students background\economic disadvantaged
Percent of students speak <lang of test>
Immediate area of school location
Free meals\breakfast
Free meals\lunch
Instructional days per year
Existing science laboratory
Number of print magazines with different titles
Number of years being a principal altogether

Once the variables from the individual questionnaires were reduced, a new merge file was
created using the IEA IDBAnalyzer tool. The variables and nations were selected using the IEA
IDBAnalyzer which created the code to combine the data into a single SPSS file. The process
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added extra variables which were eliminated in SPSS prior to a merged cvs file being created.
SPSS was also used to split the file into data files for each nation to being used to evaluate the
collective model for nation-level performance. The cvs file was imported into Rattle to aid in the
production of code for R.
The imported data was partitioned into training, validation, and testing sets using a
70/15/15 ratio and a seed value of 42. The 31 variables from the reduction models and the five
plausible values were selected as input variables. A baseline correlation plot was produced to
analyze how the 31 input variables from the merged reduction lists interacted. Similar questions
are asked in each of the questionnaires. Thus, it was anticipated that there could be strong
correlations. Surprisingly, there were fewer correlations than anticipated as noted in figure 4.12.
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Figure 4.12: Baseline Collective Model Correlation Plot
MSE and GINI Reduction
Data were sorted for each plausible value alphabetically by variable name. The variable
results for MSE and GINI were averaged, and then the results resorted according to MSE as seen
in table A.12, available in Appendix A. The average values when sorted by MSE and GINI values
did not produce similar results. Variables with relatively high ranking according to MSE were
towards the bottom when ranked according to GINI, most notably:
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How often have other students hit or hurt you?
How much do you agree that teachers at your school are fair to you?
How often do you eat breakfast on school days?
Using correlation plots and Random Forest results, a series of variable reductions were
done using MSE to determine priority for pairings with unacceptable correlation. First, the full
model of 31 variables was modeled. Six variables were removed, and the new set modeled. The
new model increased both the variance explained and the Pseudo R2. Three additional variables
were removed. This model showed a slight reduction in the variance explained but increased the
Pseudo R2. The third model was chosen as the best model. The results summary from the series of
reductions can be found in table A.13 in Appendix A. The final collective model resulted in a final
set of 23 variables, a 94.22% reduction from the original 398 variables.
An initial Random Forest with mtry of 4 and 500 trees was conducted. This returned an
explained variance of 83.66% and a Pseudo R2 of 0.7537. The error rate was deemed acceptable.
The mtry was changed to 6. This model increased the explained variance to 84.39% and the Pseudo
R2 to 0.7575. The mtry was changed to 8 which further increased the explained variance to 84.70%
and the Pseudo R2 to 0.7578. The model was evaluated using the test set which returned a Pseudo
R2 of 0.7604. The GINI model reduction resulted in unsatisfactory results. While a mtry of 4
returned an explained variance of 82.47%, the Pseudo R2 was only 0.4984. The MSE mtry 8 model
was selected as the best collective model for the data and is shown in figure 4.13. The results of
the variable reduction, including the MSE evaluation with the test set, are summarized in table
4.13.
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Figure 4.13: Collective Plausible Value 1

Table 4.13: Variable Reduction Results
Selection
MSE
MSE
MSE
GINI

# Variables
23
23
23
22

Trees
500
500
500
500

mtry
4
6
8
4

% Var
83.66
84.39
84.70
82.35

Pseudo R2
0.7537
0.7575
0.7578
0.4984

MSE Test Set

23

500

8

NA

0.7604

Model Evaluation
The collective model was evaluated for performance in two ways. First, the model was
evaluated using the reserved 5 nation test set. During the model building stages, only the training
and validation datasets had been used. The test set of data had been kept in reserve to be used once
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the final model was produced. This was first used on the best collective model as noted in figure
4.13 and table 4.13. After the collective model for plausible value one had been evaluated with the
reserved test set data, a series of Random Forest models were produced for plausible values two
through five using the MSE mtry 8 model. The results were saved in an Excel file for averaging
as with the prior Random Forest models. The collective model exhibited higher variance explained
and Pseudo R2 than any of the questionnaire models as shown in table 4.14.
Table 4.14: Summary of Collective Model Results
Plausible Value
Var Explained
Pseudo R2

1
84.70

2
84.85

3
84.59

4
84.73

5
84.70

Average
84.71

0.7580

0.7660

0.7619

0.7578

0.7641

0.7616

After the collective model for plausible value one had been evaluated, the remaining four
plausible values were created and evaluated using reserved test data, figures B.56 through B.59
located in Appendix B. This evaluation confirmed that the model performed well for the five
nations of the study as a group. Second, the model was evaluated using the data set for each nation
that was created earlier. This evaluated how well the model performed for the nation of the study
individually. The results for each nation showed consistency across all five plausible values but
were remarkably different from the other patterns of the other nations, which hinted at possible
cultural differences being present. The Pr v Ob charts for the plausible value one for each nation
are shown in figures 4.14 through 4.18. Plausible values two through five results are in figures
B.60 through B.63 for the Republic of Korea; B.64 through B.67 for the United States; B.68
through B.71 for Germany; B.72 through B.75 for Kuwait; and B.76 through B.79 for Kazakhstan
located in Appendix B.
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Figure 4.14: The Republic of Korea Plausible Value 1

Figure 4.15: The United States Plausible Value 1
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Figure 4.15: Germany Plausible Value 1

Figure 4.16: Kuwait Plausible Value 1
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Figure 4.17: Kazakhstan Plausible Value 1

When viewed in order, the unique patterns of the collective model and of each nation
become evident. The collective model appears to exhibit the grouping of data in two clusters as
noted in the Student and School questionnaire models. The individual nation models do not have
this grouping. A possible explanation for the phenomena will be discussed in chapter 5.
While the Pseudo R2 value is skewed due to using a complete data set and thus is larger
than would be expected, the values do show strong correlations between the predicted and
observed scores. The results of the collective and nation-based evaluations are summarized in table
4.15.
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Table 4.15: Summary of Collective Model Performance
Plausible
Value
Var Explained
Pseudo R2
Korea
United States
Germany
Kuwait
Kazakhstan

1
84.70
0.7604
0.7336
0.7620
0.7580
0.8157
0.7456

2
84.85
0.7660
0.7420
0.7697
0.7611
0.8198
0.7452

3
84.59
0.7619
0.7289
0.7675
0.7569
0.8119
0.7438

4
84.73
0.7578
0.7371
0.7642
0.7674
0.8114
0.7473

5
84.70
0.7641
0.7364
0.7653
0.7649
0.8204
0.7489

Average
84.71
0.7620
0.7356
0.7657
0.7617
0.8158
0.7462

The results from each questionnaire reduction and the collective model were added to conceptual
model to create the final conceptual model, figure 4.18.

Figure 4.18: Finalized Conceptual Model for Predicting Student Achievement
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4.5

Stage Three: Variable Importance by Nation
Study question three sought to explore cultural differences by determining if there were

differences in variable importance ranking between the nations. To determine if differences existed
in variable importance for the individual nations, new Random Forest models were created using
the same set of 23 variables, but only the data from each nation. The data set from each nation was
imported into R and correlation plots, and variable importance tables were created for each of the
five plausible values. Parameter tuning was not needed for this stage since only the correlation
plots, and variable importance rankings were used. The correlation plots figures B.80 through
B.84, were distinctive for each nation and are located in Appendix B.
The correlation plot for the Republic of Korea, figure B.80, had a strong negative
correlation between the number of instructional days per year and the number of students in the
classroom that experienced language difficulties. This relationship was not found in any of the
other nations. Figure B.80 also revealed a moderately strong pairing for the amount of parental
involvement and the number of students from a disadvantaged background. This pairing did
appear for the United States, but to a lesser degree, as noted in figure B.81. The United States had
the most pairings with strong, positive correlation. The correlation between free breakfast and free
lunch was very strong. This pairing seems obvious, but it was not evident in any of the other
nations. In fact, the Republic of Korea, figure B.80, Germany, figure B.82, and Kazakhstan, figure
B.84, all showed a negative correlation between these two variables. The United States also
showed a strong correlation between schools with free breakfast and lunch with those that had an
existing science laboratory and the number of instructional days per year. Germany, figure B.82,
and Kazakhstan, figure B.84, appeared to have few areas of weak to moderate correlation. Kuwait
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appeared to have the least correlation between any of the variables. The correlation tables
confirmed the visual observation and will be presented in Chapter 5.
Next, variable importance was determined from the Random Forest models for each
plausible value, and the results were averaged. The variables were sorted according to MSE since
this was the selection criteria that was used the most in the building of the models. For the
collective model, table 4.16, was used as a benchmark for comparison between each nation. None
of the individual nations matched the collective model in its entirety, nor did they match any of
the other nations. This was the second indicator of cultural differences playing a role in educational
achievement. The variable importance rankings for each nation will be introduced and discussed
in Chapter 5.
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Table 4.16: Variable Importance Collective Model

4.6

Variable
ASBM03A
ASBM03B
ACBG06B
ASBG10C
ACBG19
ATBG12B
ACBG12A
ASBG09
ASBS04C
ASBG12E
ATBG13

Description
Mat\Agree\Usually Do Well In Math
Mat\Agree\Harder For Me Than For Others
Gen\Free Meals\Lunch
Gen\Use Computer Tablet For Homework\Other
Gen\Years Principal Altogether
Gen\Number of Std In <4th Grade>
Gen\Existing Science Laboratory
Gen\How Often Breakfast On School Days
Sci\Agree\Science Is Boring
Gen\How Often\Hurt By Others
Gen\Language Difficulties

ASBG11E
ASBG08
ASBG04
ACBG03A
ASBG03
ACBG13BA
ACBG08A
ATBG14D
ATBG09D
ATBG06F
ATBG03
ACBG06A

Gen\Agree\Teachers Fair
Gen\About How Often Absent From School
Gen\Amount Of Books In Your Home
Gen\Students Background\Economic Disadva
Gen\Often Speak <Lang Of Test> At Home
Gen\Magazines With Different Titles\Print
Gen\Instructional Days Per Year
Gen\How Often\Beyond Instruction
Gen\Interactions Teachers\Visits
Gen\Characterize\Parental Involvement
Gen\Age Of Teacher
Gen\Free Meals\Breakfast

Summary
To answer the three study questions, a series of Random Forest models were created.

Variables were selected from each questionnaire that showed the greatest importance for
predicting student achievement. Each set of variables was able to explain a respectable amount of
variance explained, and when combined into a collective model the amount of variance explained
increased substantially as shown in table 4.17.
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Table 4.17: Individual and Collective Summary
Model
Var Explained
Pseudo R2

Student
56.00
0.4116

Teacher
63.47
0.4052

School
59.79
0.6294

Collective
84.71
0.7616

The collective model was able to predict student achievement with only 23 of the original
398 variables. Data from each nation was used to validate the model and indicated the model was
able to predict student achievement both collectively and individually for the five study nations as
presented in table 4.15. Table 4.16, when viewed with the correlation plots in mind, suggested
differences between the variable importance for each nation may exist, specifically the correlation
between the students’ perception that mathematics was harder for them than others. The correlation
plot for the Republic of Korea, figure B.80 shows a strong negative correlation between the five
plausible values and students believing mathematics was harder for them. The strength of the
correlation was not as strong for the United States, figure B.81. Germany, figure B.82; Kuwait,
figure B.83; and Kazakhstan, figure B.84, did not show the feeling of mathematics being harder
as having either a strong or even moderate correlation. The impact of this particular variable was
vastly different for each nation and will be explored further in chapter 5.
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Chapter 5: Discussion
5.1

Introduction
This study sought to create a classification model to predict student achievement on the 4th

Grade TIMSS 2015 Mathematics assessment. Using the data mining method of Random Forest a
series of classification models were created to determine which variables from three background
questionnaires contributed the most to the prediction, how well a collective model from three
background questionnaires performed for the study nations, and whether or not variable
importance could be used to detect cultural patterns. To meet the research goals, three questions
were generated to guide the study.
1. Which variables from each background questionnaire contribute the greatest practical
significance in terms of predicting international student achievement on the 4th Grade
TIMSS 2015 Mathematics assessment?
2. How well does a collective model for predicting student achievement on the 4th Grade
TIMSS 2015 Mathematics assessment predict national student achievement?
3. How are differences in variable importance, if any, in predictive models of the 4th Grade
TIMSS 2015 Mathematics assessment related to national culture?
To help prevent human bias from having an effect during the creation of the Random Forest
classification model, the variables were referred to by variable identification only during the
reduction stages. Only after the final collective model was created did the researcher compile a list
with variable descriptions.
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5.2

Research Question 1
Which variables from each background questionnaire contribute the greatest practical
significance in terms of predicting international student achievement on the 4th Grade
TIMSS 2015 Mathematics assessment?

The TIMSS 2015 4th Grade Mathematics assessment includes five background
questionnaires. Three of the questionnaires were used in this study, the Student background
questionnaire, the Teacher background questionnaire, and the School background questionnaire.
The Student questionnaire contains questions for the student to complete concerning attitudes
towards mathematics and science, resources in the home, and interactions at school. The Teacher
questionnaire contains questions for the teacher to complete concerning their education, how well
prepared they feel, and classroom structure. The School questionnaire contains questions for the
principal to complete and concerns student demographics, and resources. The questionnaires
contained a total of 398 variables prior to being reduced using data mining.
A series of Random Forest models were produced to aid in the creation of the final
classification models. The first series provided a baseline of values from which a variable reduction
process could begin. The top variables were chosen according to MSE and GINI for further
analysis. Two potential models were produced for each questionnaire. After a second series of
Random Forest models to find the best tuning parameters, the best model was chosen and evaluated
for performance on each of the five plausible values.
5.2.1 Student Questionnaire Summary
The Student questionnaire consisted of 85 input variables. The variable descriptions reveal
the categories and subcategories of the variables. The three main categories for the student
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questionnaire include General, Mathematics, and Science. Some of the items in each category are
further grouped by subcategories. For example, the General category includes subcategories on
how often certain events happen, the perception of the school, and what possessions are in the
home. The Mathematics and Science categories include self-perception items on the students’ and
classmates’ abilities.
After the first series of Random Forest models, 20 variables were identified as contributing
the most to the predictive model of mathematics achievement from each model. Surprisingly, the
majority of the variables were not from the Mathematics category. The MSE top 20 variables were
recorded in table A.14 and included twelve from the General category, seven from the Mathematics
category, and one from the Science category. Most of the GINI top 20 variables, table A.15, were
also from the General category with eight, seven from Mathematics, and five from Science. Tables
A.14 and A.15 are included in Appendix A.
The top two variables form the MSE, and GINI models were in agreement, and both under
the category of general: how often the students speak the language of the test at home and the
number of books the student has in their home. The highest-ranking Mathematics items from MSE
and GINI was the same: mathematics is harder for me than for others. The variables from each sort
that were included in the final reduction for the Student questionnaire are marked with an asterisk
in table A.14 and A.15.
The final reduced list resulted from the MSE sorted listed and included 11 potential
variables for the collective model and is recorded in table 5.1. The student reduced variable set
explained 56.00% of the variance and had a Pseudo R2 of 0.4116. Of the three background
questionnaires, the Student questionnaire had the lowest percentage of variance explained.
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Table 5.1: Reduced Variables Student Questionnaire
Rank
1*
2*
3*
4*
5
6*
7
8
9*
10*
11

Variable
ASBG03
ASBG04
ASBG05A
ASBG08
ASBG09
ASBG10C
ASBG11E
ASBG12E
ASBM03A
ASBM03B
ASBS04C

Description
Gen\Often Speak <Lang Of Test> At Home
Gen\Amount Of Books In Your Home
Gen\Home Possess\Computer Tablet Own
Gen\About How Often Absent From School
Gen\How Often Breakfast On School Days
Gen\Use Computer Tablet For Homework\Other
Gen\Agree\Teachers Fair
Gen\How Often\Hurt By Others
Mat\Agree\Usually Do Well In Math
Mat\Agree\Harder For Me Than For Others
Sci\Agree\Science Is Boring

This set of variables included eight from the General category, two from the Mathematics category,
and one from the Science category. The top eight variables were all from the General category.
The top two variables concerned speaking the language of the test and the amount of books in the
home. Two of the variables regarded the use of computers; two regarded the students’ ability in
mathematics. Most of the variables had appeared on both the MSE and GINI sorted lists and are
marked with an asterisk.
Language
Not unexpectantly, speaking the language of the test was the top variable of importance
according to both MSE and GINI sorting and in the final selection. Mathematics has trended away
from computation-based questions to the application. No longer is the ability to manipulate
numbers sufficiently. The student must demonstrate the ability to use mathematics in real-world
applications (Robitaille & Taylor, 2002). This requires word problems, and word problems require
language skills that go beyond introductory level knowledge. Previous research has shown a link
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between early literacy and numeracy in preschool children (Purpura, Hume, Sims, & Lonigan,
2011). Students must understand the language of the test in respect to both conversational language
and mathematical language.
Home Environment
Having a home that is structured for promoting learning is found in several variables. The
number of books in the home can be viewed as promoting the value of reading by providing easy
access to reading material. Reading is a language skill. More practice in reading will increase
overall language ability and mathematics ability (Purpura, Hume, Sims, & Lonigan, 2011). The
use of their own computer for a student allows for more individual time with technology that if a
device must be shared with one or more family members. The use of the computer for homework
heightens technology skills. As with most skills, the more practice a person has, the better one
gets. Having their own computer and using a computer for homework provides increased
opportunity for practice.
Two variables, eating breakfast on school days and absences from school were related to
student behaviors that had a direct impact on learning. Numerous studies have tied the value of
breakfast and nutrition to academic performance (Huang, Lee, & Shanklin, 2006; Kleinman, et al.,
2002; Murphy, Pagano, & Nachmani, 1998). Purely stated, hungry students, are not in the best
mental state for learning. The hunger prevents full concentration on lessons, and the lack of
nutrition keeps the student from processing and retaining knowledge. Even worse than a hungry
student is a student who is not in school. The most skilled teacher cannot teach a student who is
not in the classroom (Klem & Connell, 2009). Missing even a single day causes a gap in
instruction. The more gaps, the harder it is for the student to succeed.

113

School Environment
The school environment is not just academics. The social interactions, both positive and
negative matter. Students performed better when they believed their teachers treated them fairly
(Klem & Connell, 2009). In contrast, they performed worse when they reported being hurt by
others. These variables were ranked consecutively at seven and eight, indicating both measures of
social justice were equally important.
Academic Perceptions
The final three variables concerned academic perception. Much has been written about
self-efficacy in students and its relationship to performance. Students with high self-efficacy in
mathematics had higher performance (Pajares & David, 1994; Schunk, 1991). The students’
perception of being good at math was followed by the students’ perception that math was harder
for them than other students. When students felt better about their abilities, they performed better.
The inverse was also true. This could be that self-doubt sabotages a students’ ability or that
students really do know their ability level. The last variable was linked to science. Students who
felt science was boring had lower mathematics achievement scores. Since students must make realworld connections in mathematics the ability to create an interest in a closely related content area
such as science may increase mathematics scores.
5.2.2 Teacher Questionnaire Summary
The Teacher questionnaire was the largest in the study and consisted of 226 input variables.
As with the Student questionnaire, the variable descriptions reveal the categories and subcategories
of the variables. The three main categories for the Teacher questionnaire include General,
Mathematics, and Science. The General subcategory primarily addresses background information
114

regarding the classroom and teacher demographics. The Mathematics and Science subcategories
concern aspects specific to how well prepared the teacher feels to teach the content, and how the
content is presented, practiced and evaluated.
After the first series of Random Forest models, 20 variables were identified as contributing
the most to the predictive model of mathematics achievement from each model. Surprisingly again,
as with the Student questionnaire, the majority of the variables were not from the Mathematics
category. The MSE top 20 variables, table A.16, included only two variables from Mathematics
and two from Science. The remaining sixteen variables were from the General subcategory. Most
of the GINI top 20 variables, table A.17, also included sixteen from the General category, but only
one from Mathematics, and three from Science.
The top two variables form the MSE and GINI models were in agreement with language
difficulties being the most important variable. The variables from each sort that were included in
the final reduction for the Student questionnaire are marked with an asterisk. Tables A.16 and A.17
can be found in Appendix A.
The final reduced list resulted from the GINI sorted listed and included 11 potential
variables for the collective model and is recorded in table 5.2. Nine of the final variables were
common to both sorting methods. Even though the GINI method was used to produce the list the
majority of top-ranked MSE variables were included in the final reduction. The model explained
63.47% of the variance and had a Pseudo R2 of 0.4052. The model for the Teacher questionnaire
had the highest variance explained.
For the Teacher questionnaire, both MSE and GINI produced similar results, and either
selection method may have created a similar list. This was the only questionnaire that had a better
performing model with the GINI sort. Since the resulting variables came from high ranking MSE
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sorting, the use of two methods of analysis may not have been worth the extra time for this study.
As with the Student questionnaire, the Teacher questionnaire includes sub-categories of General,
Mathematics, and Science. The reduced set of variables included nine from the General category,
one from the Mathematics category, and one from the Science category.
Table 5.2: Reduced Variables Teacher Questionnaire
Rank
1*
2*
3*
4*
5*
6*
7*
8*
9*
10
11

Variable
ATBG13
ATBG12B
ATBM01
ATBG03
ATBG09D
ATBG14D
ATBG06F
ATBG05AA
ATBG04
ATBS10BG
ATBG15B

Description
Gen\Language Difficulties
Gen\Number Of Std In <4th Grade>
Mat\Time Spent Mathematics
Gen\Age Of Teacher
Gen\Interactions Teachers\Visits
Gen\How Often\Beyond Instruction
Gen\Characterize\Parental Involvement
Gen\Major Area Of Study\Education Prim
Gen\Level Of Formal Education Completed
Sci\Prepared\Physical\Electrical Circuits
Gen\Limit Teaching\Lack Of Nutrition

Classroom Characteristics
The two highest-ranking variables concerned demographics of the classroom. Highest on
the list was the number of students who have difficulties with the language of instruction. This
result was anticipated. Students must be able to understand the language in which concepts are
taught (Carlisle & Beeman, 2009). The number of students in the class in grade 4 was the second
highest ranked variable. The amount of time a teacher has to devote to his or her students is finite.
When classes are larger, less time is available for both group and individual instruction. A metaanalysis of the class size indicated that as class size increases, student achievement lowers (Glass
& Smith, 1979). The greatest change was noticed between class sizes of 2 and 20, which showed
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a rapid decline in percentile ranking from the 70th percentile to slightly above the 50th percentile.
There was little change in achievement after 20 pupils.
Classroom Instruction
Three of the variables concerned instruction within the classroom. The amount of time
specifically spent on mathematics instruction was the highest ranking instructional variable. Again,
this is an expected result. The more a student is exposed to a subject, the greater chance for learning
to happen (Brophy, 1988). How the time spent on instruction allocated was not noted. Another
related instructional variable did address how some of the instructional time was spent, how often
the teacher challenged the students to extend their thinking beyond the instruction. To be able to
create is the top level of the Bloom’s Revised Taxonomy (Armstrong, 2018). Challenging students
to go beyond helps them to reach the highest level of understanding. The final variable linked to
instructional practices is visiting other classrooms. Reading about teaching methods is helpful as
is attending professional development seminars. But both of those activities neglect a main aspect
of teaching, interactions with students. Visiting classrooms to observe teaching inaction has proven
effective in helping students raise achievement scores (Louis, Dretzke, & Wahlstrom, 2010). By
watching teaching in action, instructors can experience daily interactions that are not always
presented in the perfect theoretical world of a textbook.
Economic/community Influences
Two of the variables in the reduction model, lack of nutrition and parental involvement,
indirectly tied to the economics of the school. Lack of nutrition would be expected to be more
prevalent in poorer neighborhoods than in affluent ones (Eisenhauer, 2001). As discussed in the
School questionnaire, students need proper nutrition in order to learn at their maximum potential.
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The teacher noted that the impact of lack of nutrition was a limiting factor for effective teaching.
The teachers’ perception of the level of parental involvement in the school also was found to
contribute to the model of achievement. Parental involvement requires time not devoted to work.
This is easier for affluent families to do.
Teacher Education
Three variables in the reduced set regarded the education of the teacher, if the teacher
majored in primary/elementary education, the highest level of formal education and how prepared
the teacher felt to instruct electricity and simple circuits. Surprisingly, majoring in mathematics
was not a top-ranking variable. Instead of content knowledge, the preparation to teach in
elementary education was more valuable. Each age level has different pedagogical, social and
emotional needs that an elementary preparation program may better address. High-quality teachers
have been linked to student achievement (Darling-Hammond, 2001). However, the confidence to
teach the content was important as evident by the ability to teach electrical circuits.
Teacher Characteristics
Another unexpected result was that the age of the teacher was included in the reduced set
of variables, but not the number of years of teaching experience. The reason for this is unclear. It
could be due to life experience, in general, having a positive impact on the skills of the teacher.
Studies for teachers typically discuss content knowledge, experience as a teacher, teacher-student
relationships, and teacher self-efficacy (Darling-Hammond, 2001; Klem & Connell, 2009).
5.2.3 School Questionnaire Summary
The School questionnaire consisted of 87 input variables. Unlike the Student and Teacher
questionnaires, the School questionnaire does not include subcategories. After the first series of
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Random Forest models, 20 variables were identified as contributing the most to the predictive
model of mathematics achievement from each model. The top 14 variables from each sort from
the Student questionnaire according to the MSE sort, figure A.18, and the GINI sort, figure A.19,
are located in Appendix A. Variables that were included in the final reduction model are marked
with an asterisk.
A total of nine variables from the MSE sorted set were included in the reduced model. Only
four of the variables from the GINI model were included in the reduced set, the school providing
free lunch, having an existing science library, how many students come from an economically
disadvantaged background, and the number of instructional days per year. While nearly all of the
variables in the top half of the MSE model were eventually selected, the GINI sort variables were
distributed throughout the top variables, indicating that for the School questionnaire the GINI
selection method did not work as well as MSE did. The final reduced set of variables
explained59.78% of the variance and had a Pseudo R2 of 0.6294. The Pseudo R2 was the highest
of the three background questionnaires.
Table 5.3: Reduced Variables School Questionnaire
Rank
1*
2
3*
4*
5
6*
7
8
9

Variable
ACBG06B
ACBG19
ACBG12A
ACBG03A
ACBG05B
ACBG08A
ACBG13BA
ACBG04
ACBG06A

Description
Gen\Free Meals\Lunch
Gen\Years Principal Altogether
Gen\Existing Science Laboratory
Gen\Students Background\Economic Disadva
Gen\Immediate Area Of Sch Location
Gen\Instructional Days Per Year
Gen\Magazines With Different Titles\Print
Gen\Percent Of Students <Lang Of Test>
Gen\Free Meals\Breakfast
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School Demographics
Five of the nine selected variables concerned demographics of the school, specifically
items directly or indirectly related to economic indicators. Free meals, both lunch, and breakfast
made the top nine. Lunch was ranked first and breakfast ninth. Students need nutrition at the start
and during the day to keep mentally alert and ready to learn (Murphy, Pagano, & Nachmani, 1998).
Schools that provide these services can help by removing the lack of food as an obstacle to
learning. Additionally, nutritionally balances meals as opposed to unhealthy choices may be why
school meals assist in mathematics achievement. The percentage of the students from an
economically disadvantaged background and the immediate location of the school (urban,
suburban, medium city, small town, or rural) was also linked to achievement. Urban populations
have been linked with lower achievement, partly due to the difficulties of finding qualified teachers
for the schools (Lankford, Loeb, & Wyckoff, 2002). Large populations of economically
disadvantaged students had a large, negative effect on achievement. The location had an
association, although not as strong.
School Resources
The resources available to students impacted the learning environment. Students who
attended schools without an available science laboratory scored lower. The greater the number of
different titles of print magazines available in the school library improved scores. Both of these
variables could be linked to economics as science libraries are expensive and print title cost more
in subscription price and space to store when compared to digital alternatives.
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School Structure
The number of instructional days proved to be related to achievement. There were two
variables, days per year and instructional time per day included in the questionnaire and one
derived variable, instructional time per year that were used for analysis. Instructional days per year
proved to be the most important. Having shorter school days but more often is better than fewer,
longer days. A possible implication of this may be to have shorter days, year around.
5.2.4 Summary of Reduction Models
The purpose of the preliminary set of variable reductions was to determine which items
from each background questionnaire had the greatest practical significance in terms of predicting
student achievement on the 4th Grade TIMSS 2015 Mathematics assessment. The process of
reducing the set of variables highlighted trends in the variables that were selected to predict
mathematics achievement for the group of students from the five nations.
Language
One common thread across all three questionnaires was the importance of being able to
speak the language of the test. For the student, this was represented by how often the student
reported speaking the test language. In the classroom and at it was reflected it the percentage of
students with difficulties speaking the test language. With increasing global diversity, language
difficulties need to be addressed better. How this can be done is subject to debate and beyond the
limits of this study. However, the negative effect cannot be understated.
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Nutrition
Nutrition is the other common thread that appeared in all three questionnaires. For the
student, breakfast on school days increased their mathematics achievement scores, even more than
how well they thought they understood mathematics. Students who reported rarely or never eating
breakfast had much lower achievement scores. In the classroom, teachers felt the impact poor
nutrition had on students being able to learn. At the school level, the associations changed from
the negative correlation from lacking nutrition to the positive correlations of providing meals.
Reading Material
Both had more books in the home, and more available print magazine titles to choose from
had strong positive associations with mathematics achievement scores. When combined with the
negative impact of language difficulties, one solution may be to provide more variety for students
to choose from. A variety of subjects, difficulty levels, and languages could increase the desire to
read. As with most skills, repletion usually improves performance.
Science
The TIMSS study is an assessment of both mathematics and science. Thus, science-based
items were included. Three science items were included on reduced models, the perception that
science was boring, how will prepare the teacher felt about teaching electrical circuits, and the use
of an existing science laboratory. Apathy towards science was associated with lower mathematics
scores while having a science laboratory and feeling prepared to teach science increased
achievement. Many content areas are best learned by doing, and science laboratories are the best
way to ‘do’ science. When asked how they liked science in third grade, a former classmate of my
daughter replied, “We don’t do science this year, we only read about it.”
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Experience of Educators
Five items on the reduction models related to the education and experience of the educators,
the age of the teacher, the major of the teacher, the highest level of education the teacher had
obtained, how well prepare the teacher felt to teach electrical circuits, and the number of years the
principal had been a principal. The impact of highly trained professional in the classroom and
school should not be pushed aside (Darling-Hammond, 2001; Eberts & Stone, 1988).
Student Self-perception of Ability
Two variables on the Student questionnaire relating to self-perception remained were
selected for the reduced model. Students who felt they usually did well in mathematics scored
higher. Students who felt math was harder for them than for their peers scored lower. Whether the
perceptions were truly related to mathematical ability is beyond the scope of this study. It is
possible that students are highly self-aware of what they know and how they compare to others. It
could also be overconfidence and self-doubt that is tied to emotional health and not to mathematics
ability. Either way, the impact on achievement scores is real. Students who believe they do well
actually do better.
Unexpected
Most unexpected was the lack of items directly tied to mathematics instruction besides the
length of time spent. The only item specifically connected to a content area was about science, not
mathematics. While the students’ perceptions regarding mathematics ability were highly
important, the perceived ability for the instructor to teach content such as number sense, geometry,
and statistics was not. Also missing were any items related to homework assignments or

123

discussion, classroom testing, and professional development aside from observations in other
classrooms.
5.3

Research Question 2
How well does a collective model for predicting student achievement on the 4th Grade
TIMSS 2015 Mathematics assessment predict national student achievement?
From the individual questionnaires trends started to emerge on which factors have impacts,

both positive and negative, on student mathematics achievement. Language, nutrition, reading
material, science, the experience of educators, and student self-perception of ability were trends in
the data that needed to be explored for interactions in a collective model.
Thirty-one variables were selected for the preliminary analysis, and 23 were included in
the final collective model. The final reduced list of variables is displayed in table 5.4, in order by
variable importance according to MSE. The list of the thirty-one preliminary variables is located
in Appendix A, table A.20, ordered first by questionnaire and then ranking.
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Table 5.11: Final Collective Model Variables Ranked by MSE

1
2
3
4
5
6
7
8
9
10
11

Variable
ASBM03A
ASBM03B
ACBG06B
ASBG10C
ACBG19
ATBG12B
ACBG12A
ASBG09
ASBS04C
ASBG12E
ATBG13

Description
Mat\Agree\Usually Do Well In Math
Mat\Agree\Harder For Me Than For Others
Gen\Free Meals\Lunch
Gen\Use Computer Tablet For Homework\Other
Gen\Years Principal Altogether
Gen\Number Of Std In <4th Grade>
Gen\Existing Science Laboratory
Gen\How Often Breakfast On School Days
Sci\Agree\Science Is Boring
Gen\How Often\Hurt By Others
Gen\Language Difficulties

12
13
14
15
16
17
18
19
20
21
22
23

ASBG11E
ASBG08
ASBG04
ACBG03A
ASBG03
ACBG13BA
ACBG08A
ATBG14D
ATBG09D
ATBG06F
ATBG03
ACBG06A

Gen\Agree\Teachers Fair
Gen\About How Often Absent From School
Gen\Amount Of Books In Your Home
Gen\Students Background\Economic Disadva
Gen\Often Speak <Lang Of Test> At Home
Gen\Magazines With Different Titles\Print
Gen\Instructional Days Per Year
Gen\How Often\Beyond Instruction
Gen\Interactions Teachers\Visits
Gen\Characterize\Parental Involvement
Gen\Age Of Teacher
Gen\Free Meals\Breakfast

The model was evaluated with the reserved test dataset and found to be an acceptable model
of classification for student achievement. The Pseudo R2 evaluation for model fit was above 0.76
for all five plausible values. While the collective classification model was successful for the five
nations of the study, it must be remembered that the model was limited to these five nations and
does not imply that the model would be a valuable predictor for all nations participating in TIMSS.
The values from the individual questionnaire models and the collective model results for each
plausible value are displayed on the finalized conceptual model for the prediction of student
achievement in figure 5.1.
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Figure 5.1: Finalized Conceptual Model for Predicting Student Achievement
5.3.1 Evaluation by Nation
Once the collective model was confirmed to have an acceptable predictive ability on the
combined level, the datasets for the individual nations were used to evaluate performance at the
individual nation level. The Pr v Ob charts for the nations revealed remarkably different clustering
patterns for each nation. Kuwait, figure 4.16, exhibited the strongest R2 at 0.8157 as is evident
from the dense clustering close to the trend line noticed in most of the plot. The chart in figure
4.16 did have the grouping of low predicted scores for high observed scores that will be discussed
in the next section. Otherwise, the classification model worked well for Kuwait. The Republic of
Korea, figure 4.14, and the United States, figure 4.15, followed a traditional elliptical pattern with
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denser areas noticed along the trend line. Germany and Kazakhstan also followed a traditional
elliptical grouping, but the density along the trendline was less pronounced for Germany, figure
4.15, and much more dispersed for Kazakhstan, figure 4.17.
5.3.2 Anomaly in Pr v Ob Evaluation
As noted in chapter 4, when the collective model Pr v Ob charts are examined, figures 4.13
and figures B.57 through B.59, a distinct pattern of two groups was visible. Scores appeared
clustered and better fitting for predicted and observed values above 500. A possible explanation
for the phenomena is the different distribution of scores for the nations. The standardization of the
scoring sets the mean score at 500 internationally. Kazakhstan and Korea scored well above the
mean, the United States and Germany scored slightly above the mean and Kuwait scored well
below the mean. When figures 4.13 through 4.18 were examined again, with the scale in mind, it
became apparent that the grouping effect was due to the score predicted and observed scores being
concentrated above 500 for four of the nations and below 500 for Kuwait. The cluster of scores on
figure 4.13 in the region of predicted = 300 and observed = 500 matches the pattern in the same
region for figure 4.16.
5.4

RESEARCH QUESTION 3
How are differences in variable importance, if any, in predictive models of the 4th Grade
TIMSS 2015 Mathematics assessment related to national culture?
To answer the final research question, new models of the 23 variables needed to be created

using only data from each of the five nations. These models were used to create the variable
importance charts. The variable importance charts for each nation are located in Appendix A.,
figures A.21 through A.25. Correlation plots were created and can be found at the end of Appendix
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A; tables A.30 through A.34. If cultural differences existed, the variable importance order should
change. Conversely, if culture did not matter, the relative rankings should be close to identical.
To aid in the detection of patterns, each nation’s results were ranked according to MSE.
The ranking order was recorded in an excel file. The values were formatted with color-coding to
show higher rankings in green and lower rankings in red. The ranking order for each of the five
nations was combined in a single table in their respective GRS order. Finally, the list was sorted
first by the collective results rank values. The results are presented in table 5.5.
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Table 5.5: Sort by Collective Model
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23

5.5

Variable
ASBM03A
ASBM03B
ACBG06B
ASBG10C
ACBG19
ATBG12B
ACBG12A
ASBG09
ASBS04C
ASBG12E
ATBG13
ASBG11E
ASBG08
ASBG04
ACBG03A
ASBG03
ACBG13BA
ACBG08A
ATBG14D
ATBG09D
ATBG06F
ATBG03
ACBG06A

Description
Mat\Agree\Usually Do Well In Math
Mat\Agree\Harder For Me Than For Others
Gen\Free Meals\Lunch
Gen\Use Computer Tablet For Homework\Other
Gen\Years Principal Altogether
Gen\Number Of Std In <4th Grade>
Gen\Existing Science Laboratory
Gen\How Often Breakfast On School Days
Sci\Agree\Science Is Boring
Gen\How Often\Hurt By Others
Gen\Language Difficulties
Gen\Agree\Teachers Fair
Gen\About How Often Absent From School
Gen\Amount Of Books In Your Home
Gen\Students Background\Economic Disadva
Gen\Often Speak <Lang Of Test> At Home
Gen\Magazines With Different Titles\Print
Gen\Instructional Days Per Year
Gen\How Often\Beyond Instruction
Gen\Interactions Teachers\Visits
Gen\Characterize\Parental Involvement
Gen\Age Of Teacher
Gen\Free Meals\Breakfast

KO US GE KU KA
1
2
3
5 14
2
1
2 14 23
18 21 17 22
5
8
5 11
3
8
5
6
6
4
2
7 11
7 17 17
23 19 20 21
3
9 15 10
2 12
15 12 12
9 15
13 16
8
8 20
21 18 19 12 21
14 10
9
7
1
6
8 13 10 16
3
4
1
1
7
4
3
5 18
4
17 14 14 13 19
11
7 15 11 22
12
9
4
6
6
20 23 23 19 10
19 22 22 15 18
10 17 16 20
9
16 20 21 16 11
22 13 18 23 13

Similarities Between Nations with similar GRS Rankings
No nation aligned perfectly with the collective model. Had that happened, a smooth

transition from green towards red would have been noticed for all nations. Instead, bands of green
and red are interspersed throughout each nation. This reinforced a primary philosophy of critical
cosmopolitanism; the needs of society need to be addressed in a bottom-up fashion as opposed to
top down.
While the collective model was able to predict achievement, it did not align well with any
of the nations. Only two variables seemed to show consistently high importance by ranking in the
top ten, the amount of books in the home and the experience of the principal. The implications of
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literacy for all content areas should be stressed again. All content requires vocabulary specific to
itself. The experience of the school’s leadership is also universally important. The amount of books
in the home ranked first for both Germany and Kuwait, third for the Republic of Korea, fourth for
the United States, and seventh for Kazakhstan. There was strong agreement as measured by
variable importance for the impact of an experienced principal, with all nations ranking this
variable between second and sixth.
Since the nations were chosen according to GRS, the anticipation had been for a transition
of importance reflecting a predictive pattern similar to the one seen for the students’ belief that
they do well in mathematics which gradually decreases in importance from the Republic of Korea
to Kazakhstan. The results did not show this smooth transition. Instead, pockets of similarities
were noticed between most neighboring GRS ranked nations.
The Republic of Korea and the United States showed numerous similarities in the relative
rank of the variables. When the table is sorted according to either the Republic of Korea, table
A.26, or by the United States, table A.27 in Appendix A, the color banding is nearly identical. This
indicated that the two nations more closely aligned to each other than the collective model, table
5.5. The two variables that differed the most between the Republic of Korea and the United States
both concerned breakfast. In the United States, eating breakfast and having breakfast provided free
at school had the similar importance of 15h and 13th respectively. The Republic of Korea ranked
eating breakfast higher at ninth and had free breakfast at school was near the bottom at 22nd. The
other variable that a large difference was the amount of parental involvement. The Republic of
Korea valued this much more than the United States. This is most likely due to the value of cultural
identity (Yim, 2002).
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The United States, table A.27, and Germany, table A.28 in Appendix A, showed agreement
with most variables within a few rank values. Notable exceptions are the amount of magazine print
titles which the United States ranks seventh and Germany 15th, which nearly reverses position with
reports of bullying at school which is ranked higher in Germany at eighth and drops to 15th in the
United States. This suggests that the United States and Germany may benefit from similar models
of education. A study of leadership styles and cultural values found similar results (Ardichvili &
Kushinke, 2002). Eleven leadership traits were examined for four countries formally part of the
Soviet Union, Germany, and the United States. The United States and Germany shared five of the
traits.
The similarities started to disappear when comparing Germany, table A.28 in Appendix A,
directly with Kuwait, table 5.6. Variables that were ranked highly in the model for Germany were
much lower for Kuwait, such as the perception that mathematics was harder ranked second for
Germany and 14th for Kuwait, students who were economically disadvantaged ranked fifth in
Germany and eighteenth in Kuwait. The number of students in the classroom ranked seventh in
Germany but seventeenth in Kuwait. Eating breakfast was ranked second for Kuwait, but tenth in
Germany and having the technology for homework was third in Kuwait but only 11th in Germany.
5.6

The Power of Individualism
The similarities all but disappeared when ordering the variables according to Kuwait.

While Germany was the nation from the middle quintile in the GRS rankings, Kuwait appeared to
be the dividing nation between the response patterns for this study. Using the variable rankings for
each nation and coloring coding them to reflect the order from highest ranked (green) to lowest
ranked (red) as was done for table 5.5, a new table was created with the variable importance
rankings resorted by Kuwait. This resorting emphasized the similarities between the Republic of
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Korea, the United States, and Germany while highlighting how different the rank order was for
Kazakhstan as seen in table 5.6.
Table 5:6: Sort by Kuwait

14
8
4
5
1
18
12
10
9
13
17
11
16
2
20
22
6
15
19
21
7
3
23

Variable
ASBG04
ASBG09
ASBG10C
ACBG19
ASBM03A
ACBG08A
ASBG11E
ASBG12E
ASBS04C
ASBG08
ACBG13BA
ATBG13
ASBG03
ASBM03B
ATBG09D
ATBG03
ATBG12B
ACBG03A
ATBG14D
ATBG06F
ACBG12A
ACBG06B
ACBG06A

Description
Gen\Amount Of Books In Your Home
Gen\How Often Breakfast On School Days
Gen\Use Computer Tablet For Homework\Other
Gen\Years Principal Altogether
Mat\Agree\Usually Do Well In Math
Gen\Instructional Days Per Year
Gen\Agree\Teachers Fair
Gen\How Often\Hurt By Others
Sci\Agree\Science Is Boring
Gen\About How Often Absent From School
Gen\Magazines With Different Titles\Print
Gen\Language Difficulties
Gen\Often Speak <Lang Of Test> At Home
Mat\Agree\Harder For Me Than For Others
Gen\Interactions Teachers\Visits
Gen\Age Of Teacher
Gen\Number Of Std In <4th Grade>
Gen\Students Background\Economic Disadva
Gen\How Often\Beyond Instruction
Gen\Characterize\Parental Involvement
Gen\Existing Science Laboratory
Gen\Free Meals\Lunch
Gen\Free Meals\Breakfast

KO US GE KU KA
3
4
1
1
7
9 15 10
2 12
8
5 11
3
8
5
6
6
4
2
1
2
3
5 14
12
9
4
6
6
14 10
9
7
1
13 16
8
8 20
15 12 12
9 15
6
8 13 10 16
11
7 15 11 22
21 18 19 12 21
17 14 14 13 19
2
1
2 14 23
19 22 22 15 18
16 20 21 16 11
7 11
7 17 17
4
3
5 18
4
20 23 23 19 10
10 17 16 20
9
23 19 20 21
3
18 21 17 22
5
22 13 18 23 13

In this sorting, the color bands for the Republic of Korea, the United States, and Germany
followed a similar pattern indicating commonalities between the acquiescent and midpoint
response patterns. In contrast, few variables align between Kuwait and Kazakhstan indicating that
extremity response styles were highly individualistic. Only the experience of the principal, amount
of books in the home, instructional days per year, and the agreement that teachers are fair show
similarities in ranking across the five nations. Kuwait shows the most agreement with Germany,
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the United States, and the Republic of Korea in the upper half of its ranking. Two anomalies occur
where green coded rankings appear in the lower half of the table. The perception by the student
that math was harder for them than for their classmates was ranked first or second by the Republic
of Korea, the United States, and Germany, but 14th by Kuwait and 23rd by Kazakhstan. The impact
of a large number of students from a disadvantaged background on student achievement was
ranked third, fourth, or fifth by all nations in the study except Kuwait, that ranked this variable
eighteenth.
While the first three nations followed a relatively smooth transition from top to bottom,
Kazakhstan stood out as being vastly different. The higher-ranking variables had moved to the
extremes of the table, and the lower-ranking variables were clustered in the middle. Even when
compared to the nations nearest to it, Kuwait, Kazakhstan stood out for its unique variable
importance order. While most nations shared some rank order when evaluated with the nations
closest to it in GRS ranking, Kuwait and Kazakhstan did not. This difference for Kazakhstan was
also found in the study by Ardichvili and Kuchinke (2002). Kazakhstan shared few traits with
other countries in the study, even those geographically close to it. It did share inspirational
motivation with the United States and individualism with Germany. Shared values of
individualism are most evident in the perception of fair treatment by the teachers, which was most
important for the students of Kazakhstan.
When ordered by Kazakhstan, table A.29 in Appendix A, Kuwait more closely aligns with
the other three nations. Kazakhstan was selected for this study because it was on the extreme end
of the GRS scale. The Republic of Korea was selected because it was on the other extreme.
However, the Republic of Korea was able to exhibit similarities with other nations; Kazakhstan
did not. The importance of individualism did not align with the other nations’ value ranking. The
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sorting by Kazakhstan did reveal that variable Kazakhstan found most important, the fair treatment
by teachers did decrease in importance as the nations decreased in GRS ranking, reversing the
relationship for the Republic of Koreas’ highest-ranking variable, the belief by the student that
they do well in math. For a society that values individualism, the fair treatment by teachers makes
sense.
5.7

Need for Local Models
Data mining was useful in reducing 398 variables to only 23 that were able to predict

student achievement in mathematics. It did not create a model that would work the same for
everyone. The vast differences between how the nations, especially Kazakhstan ordered the same
variables emphasizes the need to consider the needs of the local over a common goal for all. A
one-sized solution for what is best for mathematics instruction does not exist. Trying to educate
the students of Korea using methods that work in Kazakhstan would fail miserably. Yet, the search
still continues for the one best model to help all students achieve their greatest potential.
Large-scale international assessments should not be viewed as if all students are the same
or similar in needs, in fact, that is not their intent. They are meant to help assess how well current
practices are working and can be modified with the nation, and even better, local specific variables
to aid in doing so. By showing that a collective classification model was possible by no means was
intended to imply that these 23 variables apply equally to all nations or students. Indeed, when
evaluated by national data, the rankings of variable importance change radically. No single nation
even remotely aligned to the collective model, indicating that the local needs were a much stronger
influence.
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5.8

Implementation of Research
While the models were not intended as a global model for all students, two variables were

consistently shown to have high importance: the amount of books in the home and the experience
of the principal. Since these were valued highly by all five nations, utilizing the impact of these
variables should have high priority for implementation.
5.8.1 Books in the Home
The study revealed how important reading is to achievement for students. Encouraging
children to read helps to increase their skill levels in vocabulary, spelling, word recognition, and
content knowledge. Having a ready supply of a variety of reading material provides ample sources
to spark a child’s interest. While variety within a school library is very important, students do not
have round-the-clock access to the school. Having the books at home is the easiest way for children
to access books. Several programs exist in the United States for children to obtain books including
Scholastic Books, Book Fairs, and inexpensive “little” books (McCormick & Mason, 1986).
Increasing book ownership can be assisted in increasing the frequency of these existing programs.
Sponsorship programs can be started to purchase books for students who cannot afford them.
Schools may wish to contact publishers about starting a sponsorship program. Many schools sell
items such as magazines, candy, or wrapping paper to raise money for school programs. These
programs currently have toys as incentives. Having small paperback books offered instead of the
toys could help increase books in the home. Schools could encourage a book exchange program
in which students can bring in books they have outgrown and trade for other books.
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5.8.2 Experienced Principal
The years of experience of the principal was the other common variable that all five nations
ranked highly. Laws vary on how to become certified to be a principal but usually require a
minimum number of years in the teaching field to qualify. Programs to identify teachers with the
potential to become effective principals could help start training early. Having the principal
candidates be allowed to have part-time duties as an administrator to gain experience could help.
Many programs currently exist for full-time internships (Anast-May, Buckner, & Geer, 2011;
Gray, 2001). Similar to rounds that medical students do during medical school; principal
candidates could be assigned a rotation of duties while they are still teaching. For example, a
teacher who is usually assigned to teach five class periods during a day could be assigned to teach
four. The fifth period would be used for administrative rotations. Each rotation could be aligned
to the school’s schedule such as a new rotation each quarter. The principal candidate would be
able to do a small part of what the job would require during each rotation to build working
experience. Rotations could in building budgets, teacher schedules, parent meetings, and teacher
evaluations. Early in each rotation, the principal candidate would be mostly an observer,
shadowing the principal and/or vice-principal. Gradually, the principal candidate could transition
to full or nearly full responsibilities of the rotation. This type of internship would still allow the
principal candidate to gather valuable experience as a teacher while learning what is needed in an
administrative role.
5.83

Local Needs
As was shown when comparing the variable importance for each nation, what is most

important cannot be stated as an absolute. Each nation, and most likely, each local district has
unique factors that contribute to what is needed for students to reach their highest potential. The
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stark differences between the Republic of Korea and Kazakhstan illustrate the futility of trying to
implement a one-size-fits-all approach to education. Parents, local administrators, curriculum
developers, and teachers must be the primary decision makers for their students utilizing a bottomup approach to policy decisions (Fowler, 2000). The seduction of programs and policies that
guarantee success for all should be viewed with caution (Barnes & Slate, 2013). Success in a single
location does not translate to every student, and the wise educators know this. They need to trust
their judgment.
5.9

Further Research
Datamining is a tool that is underutilized in education. The ability to find the unexpected

in vast amounts of seemingly unrelated data can help educators to reach all students. Not by a onesized model, but by looking for the unique characteristics available in numerous studies in local
regions.
Several options exist for modifying this study. The original intent was to use the home
questionnaire in addition to the three used. Since the United States did not use the home
questionnaire, the study could be repeated for the other four nations to include this data.
The model in this study did not work well when scores were below 400. The study could
be replicated using the benchmark levels of achievement for the target values.
The model in this study could also be validated using data from earlier TIMSS studies to
see if the same patterns exist. Data from previous years could be used to validate the collective
and national models to see if the differences detected remained across years. This would be a
strong indicator of cultural values being a driving force behind the differences.
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This study could be expanded by creating individual models for each nation from the entire
database. Instead of comparing a collective model of the same variables, Individual models would
reduce to completely different sets of variables that may show cultural differences more easily.
Finally, models could be created using all of the questionnaire data at the same time. This
would require the use of better computers that were available for this study.
School districts routinely assess students in multiple ways. Classroom, school, district, and
state testing are the norm in the United States. The use of this data could be enhanced by using
data mining techniques to find what works for each locale. A study using data mining on these
resources could determine if this is a viable option for school districts.
One unusual variable that was found in the final model was the age of the teacher. Previous
studies have shown a relationship between the experience and training of a teacher to student
achievement. Further studies need to be done to find the reason for the age of the teacher is a top
indicator of student achievement in mathematics.
5.10

Conclusion
This study sought to explore the use of data mining for educational research and to see if

the use of data mining could first, create a viable model to predict student achievement, and second
if cultural patterns could be detected in the results. The data mining process of Random Forest was
used to create a series of models, first for the three background questionnaires, then a combined
model using the reduced set of variables from the first round of data mining, and then to produce
variable importance rankings for each nation. Using a blind method of variable reduction to reduce
human bias, the meanings of each variable was not consulted during the process of model building.
The Random Forest reductions did provide models able to predict student performance on
the 4th Grade TIMSS 2015 Mathematics assessment. The collective model explained on average
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84.71% of the variance for predicting student achievement on the five plausible values with a
Pseudo R2 of 0.7616. Additionally, the use of the identical set of variables produces widely varied
importance rankings. Despite the differences of variable importance, similarities between
neighboring General Response Style nations were evident in all but the most extreme
independence nation, Kazakhstan, emphasizing the importance of independence to the Kazakhstan
people. Overall, the results confirmed two ideas; data mining can be used to build a predictive
model in educational settings, and data mining can be used to help visualize cultural differences.
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Appendix A
Table A.1 Student Variable Importance by MSE
Variable
ASBG03
ASBG04
ASBG08
ASBM03B
ASBG09
ASBG11E
ASBM03C
ASBG10C
ASBM03A
ASBM03F
ASBG05E
ASBG05A
ASBG10B
ASBM01H
ASBG12G
ASBG12E
ASBG12C
ASBG11G
ASBM03D
ASBM01B
ASBS04B
ASBM03G
ASBG12B
ASBS04C
ASBM03I
ASBM01F
ASBM03H
ASBG11C
ASBM03E

MSE
88.01
67.33
50.47
44.53
42.08
39.70
39.51
39.16
39.14
38.20
36.74
36.68
35.95
35.95
35.74
35.55
35.52
35.10
34.93
34.74
34.69
34.60
34.49
34.44
34.36
34.06
33.62
33.58
33.34

Variable
ASBG11F
ASBM02A
ASBM01C
ASBG10A
ASBS04H
ASBG12F
ASBM02H
ASBS05J
ASBS05B
ASBG11B
ASBG12A
ASBM02J
ASBG11D
ASBS06B
ITSEX
ASBS04D
ASBS06G
ASBM02F
ASBS06F
ASBS06C
ASBM02B
ASBS06A
ASBG12D
ASBM01D
ASBM01A
ASBM01I
ASBG05B
ASBG11A
ASBG05D

MSE
33.07
32.98
32.90
32.88
32.88
32.64
32.32
32.19
32.15
31.38
31.14
30.69
30.64
29.61
29.60
29.40
29.38
28.95
28.77
28.70
28.67
28.62
28.60
28.48
28.05
28.01
27.52
27.48
27.21
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Variable
ASBM01G
ASBM02E
ASBS05E
ASBG05G
ASBG12H
ASBM01E
ASBM02I
ASBM02D
ASBS04G
ASBS04I
ASBS06D
ASBS06E
ASBG05F
ASBS05H
ASBM02C
ASBS05A
ASBS05F
ASBS05C
ASBS05G
ASBM02G
ASBS04E
ASBS04F
ASBS04A
ASBG01
ASBG05C
ASBS05I
ASBS05D

MSE
27.20
26.28
25.97
25.09
24.74
24.28
23.86
23.70
23.68
23.45
22.62
22.34
22.15
21.54
21.21
21.05
20.62
20.23
19.95
19.18
18.37
17.82
17.71
17.67
17.63
16.49
15.85

Table A.2: Student Top 20 Variables
MSE Sort
Variable
MSE
ASBG03 89.83
ASBG04 67.04
ASBG08 50.14
ASBM03B 44.10
ASBG09 41.78
ASBG11E 41.64
ASBM03A 39.95
ASBM03C 39.22
ASBG12E 38.24
ASBG10C 38.20
ASBG12C 37.87
ASBG05A 37.35
ASBG05E 36.93
ASBM03G 36.93
ASBG12G 36.91
ASBM03F 36.85
ASBM01B 36.31
ASBG10B 35.42
ASBM01H 35.33
ASBS04C 35.21

GINI Sort
Variable
MSE
ASBG03 89.83
ASBG04 67.04
ASBM03B 44.10
ASBG08 50.14
ASBG05A 37.35
ASBM03A 39.95
ASBM03C 39.22
ASBG05B 28.18
ASBM03H 34.46
ASBM03F 36.85
ASBG12D 28.74
ASBM03D 31.79
ASBS06E 23.33
ASBS06B 32.27
ASBS06A 30.08
ASBG10B 35.42
ASBG10C 38.20
ASBM03E 32.14
ASBS06F 30.12
ASBS05G 20.10

GINI
22886979
13736166
6343585
6359057
1668584
1329032
3828368
3416216
1419665
2257009
1486754
5601594
1418703
1749847
1246057
2860190
1873426
2318237
1436075
1883552

GINI
22886979
13736166
6359057
6343585
5601594
3828368
3416216
3279594
2921739
2860190
2790341
2558184
2486728
2420991
2389540
2318237
2257009
2255784
2212584
2169701

Table A.3: Reduced Student Model Correlation
Variables

1

2

3

4

5

6

7

8

9

10

11

1 ASBG08
2 ASBG04
3 ASBG05A
4 ASBG12E
5 ASBG10C
6 ASBM03B
7 ASBS04C
8 ASBM03A
9 ASBG11E
10 ASBG09
11 ASBG03

0.17
0.06
0.04
0.06
0.08
0.02
0.00
0.00
0.10
-0.07

0.11
0.00
0.01
0.06
0.00
0.00
0.01
-0.02
-0.03

0.04
0.11
0.02
0.03
0.09
0.08
0.06
-0.02

0.10
0.17
0.16
0.09
0.12
-0.01
-0.01

0.08
0.06
0.09
0.15
0.01
-0.01

0.23
0.14
0.14
-0.02
0.01

0.15
0.09
0.01
0.03

0.20
0.08
0.04

0.09
0.06

0.08

-
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Table A.4: Reduced Student Model Plausible Value Summary
Plausible Value

1

2

3

4

5

Average

Var Explained
Pseudo R2

55.83
0.4064

56.61
0.413

55.76
0.4133

55.85
0.4156

55.97
0.4095

56.00
0.4117

Table A.5: Teacher Variable Importance by MSE
Variable
ATBG13
ATBG12A
ATBG12B
ATBG05AA
ATBM01
ATBG03
ATBG04
ATBG06F
ATBG14D
ATBS01B
ATBG05BD
ATBG09D
ATBG08A
ATBG01
ATBG11E
ATBG11F
ATBG08F
ATBG11A
ATBM07A
ATBG09B
ATBG11C
ATBM03H
ATBM06AD
ATBG08G
ATBS09
ATBS06B
ATBG06C
ATBS03N
ATBM06CB

MSE
30.79
29.16
25.34
23.12
21.90
20.24
19.83
18.78
18.44
18.41
18.33
18.10
18.05
17.91
17.88
17.75
17.69
17.47
17.29
16.50
16.47
16.38
16.24
16.08
16.07
16.06
16.06
16.06
16.03

Variable
ATBG06Q
ATBG07C
ATBS05CD
ATBS04CC
ATBG10F
ATBM02I
ATBS04CD
ATBS03M
ATBS03G
ATBG08E
ATBG14A
ATBM06AB
ATBM06BC
ATBG10E
ATBS05BA
ATBG07G
ATBM08C
ATBG06D
ATBM11BB
ATBG15D
ATBG06J
ATBM11CB
ATBS05CA
ATBM06BA
ATBM02C
ATBG14C
ATBS07C
ATBS05CB
ATBM11AE

MSE
14.46
14.42
14.35
14.32
14.32
14.28
14.26
14.25
14.21
14.17
14.17
14.13
14.13
14.09
14.07
14.06
14.02
14.01
13.96
13.94
13.93
13.91
13.89
13.86
13.83
13.82
13.76
13.72
13.69

Variable
MSE
Variable
MSE
ATBM02D
12.52
ATBM06AG 11.03
ATBS02A
12.50
ATBS10CB 10.95
ATBM11BC
12.48
ATBS05AF 10.92
ATBM02G
12.48
ATBS08A
10.85
ATBS05AE
12.44
ATBS06CA 10.84
ATBG09A
12.44
ATBS01A
10.80
ATBS06CC
12.43
ATBG06M
10.80
ATBS02B
12.42
ATBG15G
10.78
ATBS03I
12.41
ATBG06B
10.75
ATBM03E
12.40
ATBM09F
10.74
ATBG15B
12.38
ATBG07E
10.74
ATBG11B
12.38
ATBS08C
10.73
ATBM11BF
12.37
ATBM03A
10.72
ATBS08H
12.37
ATBS08D
10.66
ATBS05BD
12.35
ATBG14H
10.57
ATBG06N
12.35
ATBS10AB 10.54
ATBG05AB
12.34
ATBS04BB 10.53
ATBS08G
12.33
ATBS10BC 10.43
ATBS02I
12.33
ATBS10BI
10.40
ATBM06AC
12.31
ATBG15C
10.36
ATBS06CB
12.29
ATBS10AC 10.33
ATBM03I
12.20
ATBS07B
10.31
ATBS02F
12.19
ATBS10AE 10.21
ATBG09C
12.16
ATBM09E
10.18
ATBM07CB
12.13
ATBS10BD 10.11
ATBG14B
12.12
ATBM05CB 10.07
ATBM09D
12.11
ATBM11AB 10.04
ATBS05BG
12.10
ATBG02
9.99
ATBG05BA
12.09
ATBS02C
9.85
Table continued on next page
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Table A.5: Teacher Variable Importance by MSE, continued
Variable
MSE
ATBG06H
15.97
ATBG10A
15.92
ATBG06P
15.91
ATBG14E
15.88
ATBM07B
15.85
ATBG08C
15.80
ATBS03J
15.64
ATBG07A
15.59
ATBG08B
15.58
ATBM03C
15.52
ATBS06A
15.49
ATBM06AF 15.47
ATBG06O
15.47
ATBG11G
15.46
ATBM03G
15.38
ATBG15A
15.36
ATBS03K
15.36
ATBG06I
15.31
ATBS03C
15.31
ATBM11CA 15.20
ATBG09E
15.19
ATBM06AA 15.14
ATBG11H
15.13
ATBM06AE 15.02
ATBG05BC 15.01
ATBM06CA 15.01
ATBM11AF 14.98
ATBG10B
14.96
ATBM06BB 14.89
ATBG10G
14.80
ATBG11D
14.74
ATBG05AC 14.72
ATBG09G
14.58
ATBG05AF 14.56
ATBM10
14.52
ATBG05AD 14.47

Variable
ATBG05BB
ATBS03L
ATBM04
ATBG07B
ATBM08A
ATBS02J
ATBS07A
ATBS04CA
ATBG14F
ATBS03H
ATBM08B
ATBS03E
ATBG07H
ATBM06BE
ATBS05BC
ATBS03F
ATBM02A
ATBG15E
ATBM11AD
ATBM06AH
ATBM02B
ATBG10D
ATBG15F
ATBS05BH
ATBG06G
ATBM03D
ATBG05AE
ATBS02G
ATBM03F
ATBM03B
ATBM02E
ATBM02H
ATBS05BF
ATBS02D
ATBM07CA
ATBS03B

MSE
13.65
13.63
13.63
13.62
13.56
13.47
13.43
13.37
13.31
13.27
13.27
13.22
13.21
13.21
13.20
13.12
13.11
13.10
13.04
13.02
13.02
12.99
12.98
12.95
12.94
12.91
12.88
12.87
12.79
12.74
12.71
12.70
12.66
12.64
12.62
12.53

Variable
ATBS04CB
ATBS05BI
ATBS10AA
ATBS05AD
ATBM11BA
ATBS10CA
ATBS08F
ATBS02E
ATBS05AC
ATBS10CD
ATBG07D
ATBM11BD
ATBM11AG
ATBM06BF
ATBG10C
ATBS05AA
ATBM11AH
ATBS02H
ATBM07CC
ATBS05AG
ATBM06BD
ATBS03D
ATBG09F
ATBS10BG
ATBG06L
ATBG14G
ATBS10AD
ATBG06K
ATBS10BA
ATBM06BG
ATBG07F
ATBM11AC
ATBS04BA
ATBS08E
ATBS08B
ATBM05BB
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MSE
12.06
12.03
11.97
11.86
11.85
11.76
11.73
11.68
11.61
11.58
11.56
11.54
11.51
11.48
11.44
11.44
11.43
11.39
11.37
11.35
11.35
11.31
11.29
11.28
11.24
11.23
11.23
11.16
11.14
11.13
11.11
11.09
11.09
11.07
11.06
11.03

Variable
MSE
ATBG06A
9.84
ATBS10AF
9.81
ATBS04BC
9.76
ATBM11AA 9.70
ATBG06E
9.67
ATBS10AG
9.43
ATBM09C
9.38
ATBM05CA 9.34
ATBS10BF
9.28
ATBS03A
9.22
ATBS05AB
9.13
ATBG08D
9.08
ATBS10BH
9.08
ATBS10BB
9.07
ATBS05CC
8.80
ATBM09G
8.74
ATBM11BE 8.72
ATBM05CC 8.69
ATBS05CF
8.51
ATBM05BC 8.46
ATBM11BG 8.41
ATBS10CG
8.40
ATBS04A
8.39
ATBS05CG
8.33
ATBM09B
8.29
ATBM02F
8.28
ATBS05CE
8.26
ATBS10BE
8.08
ATBM05BA 8.05
ATBS10CC
7.88
ATBM09A
7.72
ATBS10CF
7.55
ATBS10CE
7.37
ATBM05A
7.33
ATBS05BB
7.01
ATBS05BE
6.48

Table A.6: Teacher Top 20 Variables
Variable
ATBG13
ATBG12A
ATBG12B
ATBG05AA
ATBM01
ATBG03
ATBG04
ATBG06F
ATBG14D
ATBS01B
ATBG05BD
ATBG09D
ATBG08A
ATBG01
ATBG11E
ATBG11F
ATBG08F
ATBG11A
ATBM07A
ATBG09B

MSE Sort
MSE
GINI
30.79 12167586
29.16
2081981
25.34
2378585
23.12
6688796
21.90
4236827
20.24
4337188
19.83
2026442
18.78
3254578
18.44
2163998
18.41
1063656
18.33
3835686
18.10
2167235
18.05
360145
17.91
3116682
17.88
415831
17.75
447336
17.69
332329
17.47
389910
17.29
1201875
16.50
263376

Variable
ATBG13
ATBG05AA
ATBG03
ATBM01
ATBG05BD
ATBG06F
ATBG01
ATBG12B
ATBG09D
ATBG14D
ATBG06C
ATBG12A
ATBS05BG
ATBG04
ATBG06H
ATBG05AC
ATBG15B
ATBG05AD
ATBS05BI
ATBS10BG

GINI Sort
MSE
GINI
30.79
12167586
23.12
6688796
20.24
4337188
21.90
4236827
18.33
3835686
18.78
3254578
17.91
3116682
25.34
2378585
18.10
2167235
18.44
2163998
16.06
2127315
29.16
2081981
12.10
2075809
19.83
2026442
15.97
1943138
14.72
1841454
12.38
1756330
14.47
1755608
12.03
1512955
11.28
1419436

Table A.7: Reduced Teacher Plausible Values Summary
Plausible
Value
Var Explained
Pseudo R2

1
63.49
0.3945

2
63.69
0.4088

3
63.63
0.4117
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4
63.07
0.3986

5
63.49
0.4124

Average
63.47
0.4052

Table A.8: Reduced Teacher Model Correlation
Variables
1 ATBG13
2 ATBG06F
3 ATBG15B
4 ATBG12B
5 ATBG14D
6 ATBG04
7 ATBG05AA
8 ATBM01
9 ATBS05BG
10 ATBG09D
11 ATBG03

1
2
3
4
5
6
7
8
0.05
0.12 0.16
0.31 0.01 0.05
0.14 0.16 0.18 0.06
0.15 0.02 0.05 0.13 0.04
0.12 0.03 0.06 0.05 0.09 0.07
0.09 0.03 0.06 0.14 0.01 0.05 0.00
-0.01 -0.02 0.10 0.01 0.06 -0.03 0.01 0.07
-0.10 0.19 -0.05 -0.04 0.13 -0.09 -0.04 -0.02
-0.11 -0.07 -0.07 -0.06 -0.06 -0.03 -0.02 0.00
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9

10

11

0.03
0.01

0.16

-

Table A.9: School Variable Importance by MSE
Variable
MSE
ACBG19
32.25
ACBG20
29.22
ACBG08A
28.24
ACBG06B
26.87
ACBG03A
26.84
ACBG12A
26.73
ACBG05B
25.99
ACBG11
25.96
ACBG05A
24.63
ACBG04
23.60
ACBG03B
23.48
ACBG08B
23.32
ACBG13BA 22.75
ACBG06A
22.41
ACBG15M
22.14
ACBG12B
21.44
ACDG08HY 21.11
ACBG07B
20.96
ACBG21
20.93
ACBG13AA 20.14
ACBG14BB 20.07
ACBG15J
19.47
ACBG07D
19.31
ACBG15K
19.26
ACBG15L
18.99
ACBG14AG 18.56
ACBG14AI
18.54
ACBG07C
18.45
ACBG13BB 18.31

Variable
ACBG15I
ACBG15H
ACBG14CB
ACBG10B
ACBG15C
ACBG07A
ACBG15F
ACBG14AH
ACBG17B
ACBG18I
ACBG15G
ACBG08C
ACBG14CD
ACBG09B
ACBG16B
ACBG15D
ACBG10A
ACBG16D
ACBG18H
ACBG18F
ACBG14BC
ACBG22B
ACBG09A
ACBG15B
ACBG14CC
ACBG14BA
ACBG14AC
ACBG15A
ACBG16E
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MSE
18.05
17.83
17.55
17.45
17.31
16.93
16.90
16.76
16.71
16.68
16.52
16.26
16.24
16.18
15.97
15.93
15.69
15.68
15.62
15.56
15.43
15.31
15.16
15.12
15.09
15.08
15.02
14.93
14.79

Variable
ACBG14BD
ACBG14BE
ACBG18J
ACBG18E
ACBG18B
ACBG16C
ACBG18G
ACBG15E
ACBG18D
ACBG16A
ACBG18C
ACBG18K
ACBG16F
ACBG13AB
ACBG14AA
ACBG14AD
ACBG16H
ACBG18A
ACBG14AE
ACBG14CA
ACBG16G
ACBG16I
ACBG17A
ACBG22A
ACBG16J
ACBG14AB
ITSEX
ACBG14AF
ACBG13

MSE
14.34
14.33
14.14
14.14
14.13
13.94
13.70
13.69
13.68
13.66
13.44
13.35
13.34
13.32
13.28
13.27
13.15
13.15
13.01
12.85
12.52
12.44
12.43
12.34
12.16
11.72
9.91
9.77
7.92

Table A.10: School Top 14 Variables
MSE Sort
Variable
MSE
ACBG19
32.25
ACBG20
29.22
ACBG08A
28.24
ACBG06B
26.87
ACBG03A
26.84
ACBG12A
26.73
ACBG05B
25.99
ACBG11
25.96
ACBG05A
24.63
ACBG04
23.60
ACBG03B
23.48
ACBG08B
23.32
ACBG13BA
22.75
ACBG06A
22.41

GINI Sort
Variable
MSE
ACBG06B
26.87
ACBG08B
23.32
ACBG12A
26.73
ACBG13AA
20.14
ACBG21
20.93
ACBG08A
28.24
ACBG17B
16.71
ACDG08HY
21.11
ACBG11
25.96
ACBG14BA
15.08
ACBG03A
26.84
ACBG16B
15.97
ACBG16F
13.34
ACBG12B
21.44

GINI
834575
761156
2917615
7012713
2024871
3864126
983121
2161744
1479356
947072
851426
5092371
671653
837437

GINI
7012713
5092371
3864126
3771815
3547661
2917615
2852628
2495748
2161744
2087181
2024871
2016627
2015446
2010640

Table A.11: Reduced School Model Correlation
Variables
1 ACBG06A
2 ACBG19
3 ACBG06B
4 ACBG05B
5 ACBG13BA
6 ACBG08A
7 ACBG12A
8 ACBG04
9 ACBG03A

1
0.11
0.02
0.16
0.11
0.08
0.12
0.03
-0.16

2

3

4

5

6

7

8

9

0.02
0.08
0.12
0.08
0.06
0.06
0.04

0.16
0.16
0.17
0.26
0.20
0.06

0.07
0.11
0.31
0.07
0.06

0.19
0.07
0.06
0.11

0.16
0.13
0.14

0.31
0.15

0.18

-
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Table A.12: MSE and GINI Initial Results Collective Model
MSE Sort
Variable
MSE
ASBM03A
111.35
ASBM03B
102.78
ASBG10C
93.46
ACBG19
89.33
ASBG12E
85.61
ASBG09
85.47
ASBG11E
79.08
ATBG12B
78.92
ASBS04C
78.90
ACBG06B
63.78
ACBG05B
62.80
ACBG12A
61.55
ATBG13
61.24
ASBG08
60.72
ASBG04
55.95
ACBG13BA
55.92
ASBG03
51.99
ACBG04
51.77
ACBG08A
50.05
ACBG03A
49.64
ATBG09D
46.35
ACBG06A
43.75
ATBG14D
41.88
ATBG03
41.64
ATBG04
40.27
ATBG06F
40.19
ATBM01
40.17
ATBG05AA
30.16
ATBS05BG
28.84
ATBG15B
28.80
ASBG05A
24.09

GINI Sort
Variable
MSE
ACBG06B
63.78
ATBG13
61.24
ASBG03
51.99
ACBG08A
50.05
ACBG12A
61.55
ASBG04
55.95
ATBG05AA
30.16
ASBM03B
102.78
ATBG03
41.64
ATBG12B
78.92
ATBM01
40.17
ACBG03A
49.64
ASBG08
60.72
ACBG19
89.33
ATBS05BG
28.84
ATBG06F
40.19
ASBM03A
111.35
ATBG09D
46.35
ACBG13BA
55.92
ASBG10C
93.46
ACBG05B
62.80
ASBS04C
78.90
ACBG06A
43.75
ATBG14D
41.88
ACBG04
51.77
ASBG05A
24.09
ATBG15B
28.80
ATBG04
40.27
ASBG12E
85.61
ASBG11E
79.08
ASBG09
85.47

GINI
6052239
10457979
5243512
7352498
4122877
3602231
3608281
9192955
4810135
43387551
5122903
15836335
30317030
7550445
15081466
5444403
21841260
4492644
21064882
8272037
5717706
4719434
4627006
10285323
4162637
6875714
8660249
12988025
7248863
4339304
4468740

GINI
43387551
30317030
21841260
21064882
15836335
15081466
12988025
10457979
10285323
9192955
8660249
8272037
7550445
7352498
7248863
6875714
6052239
5717706
5444403
5243512
5122903
4810135
4719434
4627006
4492644
4468740
4339304
4162637
4122877
3608281
3602231

Table A.13: Variable Reduction Results
Number of Variables
Var Explained
Pseudo R2

31
83.55
0.5253
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25
83.89
0.6982

23
83.66
0.7537

Table A.14: Top 20 MSE Variables Student Questionnaire
Rank
1*
2*
3*
4*
5*
6*
7*
8
9*
10*
11
12*
13
14
15
16
17
18
19
20*

Variable
ASBG03
ASBG04
ASBG08
ASBM03B
ASBG09
ASBG11E
ASBM03A
ASBM03C
ASBG12E
ASBG10C
ASBG12C
ASBG05A
ASBG05E
ASBM03G
ASBG12G
ASBM03F
ASBM01B
ASBG10B
ASBM01H
ASBS04C

Description
Gen\Often Speak <Lang Of Test> At Home
Gen\Amount Of Books In Your Home
Gen\About How Often Absent From School
Mat\Agree\Harder For Me Than For Others
Gen\How Often Breakfast On School Days
Gen\Agree\Teachers Fair
Mat\Agree\Usually Do Well In Math
Mat\Agree\Just Not Good In Math
Gen\How Often\Hurt By Others
Gen\Use Computer Tablet For Homework\Other
Gen\How Often\Spreading Lies About Me
Gen\Home Possess\Computer Tablet Own
Gen\Home Possess\Internet Connection
Mat\Agree\I Am Good At Mathematics
Gen\How Often\Embarrass Info
Mat\Agree\Good At Working Out Problems
Mat\Agree\Wish Have Not To Study Math
Gen\Use Computer Tablet For Homework\School
Mat\Agree\Look Forward To Math Lessons
Sci\Agree\Science Is Boring
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Table A.15: Top 20 GINI Variables Student Questionnaire
Rank
1*
2*
3
4*
5*
6*
7
8
9
10
11
12
13
14
15
16
17*
18
19
20

Variable
ASBG03
ASBG04
ASBM03B
ASBG08
ASBG05A
ASBM03A
ASBM03C
ASBG05B
ASBM03H
ASBM03F
ASBG12D
ASBM03D
ASBS06E
ASBS06B
ASBS06A
ASBG10B
ASBG10C
ASBM03E
ASBS06F
ASBS05G

Description
Gen\Often Speak <Lang Of Test> At Home
Gen\Amount Of Books In Your Home
Mat\Agree\Harder For Me Than For Others
Gen\About How Often Absent From School
Gen\Home Possess\Computer Tablet Own
Mat\Agree\Usually Do Well In Math
Mat\Agree\Just Not Good In Math
Gen\Home Possess\Computer Tablet Shared
Mat\Agree\Mathematics Harder For Me
Mat\Agree\Good At Working Out Problems
Gen\How Often\Stealing Sth From Me
Mat\Agree\Learn Quickly In Mathematics
Sci\Agree\I Am Good At Science
Sci\Agree\Harder For Me Than For Others
Sci\Agree\Usually Do Well In Science
Gen\Use Computer Tablet For Homework\School
Gen\Use Computer Tablet For Homework\Other
Mat\Agree\Math Makes Me Nervous
Sci\Agree\Science Is Harder For Me
Sci\Agree\Teacher Shows Learned
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Table A.16: Top 20 MSE Variables Teacher Questionnaire
Rank
1*
2
3*
4*
5*
6*
7*
8*
9*
10
11
12*
13
14
15
16
17
18
19
20

Variable
ATBG13
ATBG12A
ATBG12B
ATBG05AA
ATBM01
ATBG03
ATBG04
ATBG06F
ATBG14D
ATBS01B
ATBG05BD
ATBG09D
ATBG08A
ATBG01
ATBG11E
ATBG11F
ATBG08F
ATBG11A
ATBM07A
ATBG09B

Description
Gen\Language Difficulties
Gen\Number Of Students In The Class
Gen\Number Of Std In <4th Grade>
Gen\Major Area Of Study\Education Prim
Mat\Time Spent Mathematics
Gen\Age Of Teacher
Gen\Level Of Formal Education Completed
Gen\Characterize\Parental Involvement
Gen\How Often\Beyond Instruction
Sci\Time Spent Science
Gen\<Specialization>\Other Subject
Gen\Interactions Teachers\Visits
Gen\Severity Problem\Building Repair
Gen\Years Been Teaching
Gen\Agreement\Need More Time To Assist
Gen\Agreement\Too Much Pressure
Gen\Severity Problem\Inadequate Tech Resources
Gen\Agreement\Too Many Students
Mat\How Often Math Homework Assigned
Gen\Interactions Teachers\Collaborate
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Table A.17: Top 20 GINI Variables Teacher Questionnaire
Rank
1*
2*
3*
4*
5
6*
7
8*
9*
10*
11
12
13
14*
15
16
17*
18
19
20*

Variable
ATBG13
ATBG05AA
ATBG03
ATBM01
ATBG05BD
ATBG06F
ATBG01
ATBG12B
ATBG09D
ATBG14D
ATBG06F
ATBG12A
ATBS05BG
ATBG04
ATBG06H
ATBG05AC
ATBG15B
ATBG05AD
ATBS05BI
ATBS10BG

Description
Gen\Language Difficulties
Gen\Major Area Of Study\Education Prim
Gen\Age Of Teacher
Mat\Time Spent Mathematics
Gen\<Specialization>\Other Subject
Gen\Characterize\Parental Involvement
Gen\Years Been Teaching
Gen\Number Of Std In <4th Grade>
Gen\Interactions Teachers\Visits
Gen\How Often\Beyond Instruction
Gen\Characterize\Parental Involvement
Gen\Number Of Students In The Class
Sci\Topics\Physical\Electrical Circuits
Gen\Level Of Formal Education Completed
Gen\Characterize\Parental Expectations
Gen\Major Area Of Study\Mathematics
Gen\Limit Teaching\Lack Of Nutrition
Gen\Major Area Of Study\Sci
Sci\Topics\Physical\Forces Cause Objects
Sci\Prepared\Physical\Electrical Circuits
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Table A.18: Top 14 MSE Variables School Questionnaire
Rank
1*
2
3*
4*
5*
6*
7*
8
9
10*
11
12
13*
14*

Variable
ACBG19
ACBG20
ACBG08A
ACBG06B
ACBG03A
ACBG12A
ACBG05B
ACBG11
ACBG05A
ACBG04
ACBG03B
ACBG08B
ACBG13BA
ACBG06A

Description
Gen\Years Principal Altogether
Gen\Years Principal At This School
Gen\Instructional Days Per Year
Gen\Free Meals\Lunch
Gen\Students Background\Economic Disadva
Gen\Existing Science Laboratory
Gen\Immediate Area Of Sch Location
Gen\Total Number Computers
Gen\How Many People Live In Area
Gen\Percent Of Students <Lang Of Test>
Gen\Students Background\Economic Affluen
Gen\Total Instructional Time
Gen\Magazines With Different Titles\Print
Gen\Free Meals\Breakfast
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Table A.19: Top 14 GINI Variables School Questionnaire
Rank
1*
2
3*
4
5
6*
7
8
9
10
11*
12
13
14

Variable
ACBG06B
ACBG08B
ACBG12A
ACBG13AA
ACBG21
ACBG08A
ACBG17B
ACDG08HY
ACBG11
ACBG14BA
ACBG03A
ACBG16B
ACBG16F
ACBG12B

Description
Gen\Free Meals\Lunch
Gen\Total Instructional Time
Gen\Existing Science Laboratory
Gen\Books With Different Titles\Print
Gen\Highest Level Of Formal Education
Gen\Instructional Days Per Year
Gen\Degree Probs Teach\Absenteeism
Number Of Instructional Minutes Per Year
Gen\Total Number Computers
Gen\Shortage\Mat\Teach Spec Math
Gen\Students Background\Economic Disadva
Gen\Degree Probs\Absenteeism
Gen\Degree Probs\Vandalism
Gen\Assistance Available
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Table A.20: Preliminary Collective Model Variables
Variable

Description

ASBG03
ASBG04
ASBM03B
ASBM03A
ASBG08
ASBG05A
ASBG10C
ASBS04C
ASBG09
ASBG12E
ASBG11E

Gen\Often Speak <Lang Of Test> At Home
Gen\Amount Of Books In Your Home
Mat\Agree\Harder For Me Than For Others
Mat\Agree\Usually Do Well In Math
Gen\About How Often Absent From School
Gen\Home Possess\Computer Tablet Own
Gen\Use Computer Tablet For Homework\Other
Sci\Agree\Science Is Boring
Gen\How Often Breakfast On School Days
Gen\How Often\Hurt By Others
Gen\Agree\Teachers Fair

ATBG13
ATBG12B
ATBM01
ATBG03
ATBG09D
ATBG14D
ATBG06F
ATBG05AA
ATBG04
ATBS10BG
ATBG15B

Gen\Language Difficulties
Gen\Number Of Std In <4th Grade>
Mat\Time Spent Mathematics
Gen\Age Of Teacher
Gen\Interactions Teachers\Visits
Gen\How Often\Beyond Instruction
Gen\Characterize\Parental Involvement
Gen\Major Area Of Study\Education Prim
Gen\Level Of Formal Education Completed
Sci\Prepared\Physical\Electrical Circuits
Gen\Limit Teaching\Lack Of Nutrition

ACBG06B
ACBG19
ACBG12A
ACBG03A
ACBG05B
ACBG08A
ACBG13BA
ACBG04
ACBG06A

Gen\Free Meals\Lunch
Gen\Years Principal Altogether
Gen\Existing Science Laboratory
Gen\Students Background\Economic Disadva
Gen\Immediate Area Of Sch Location
Gen\Instructional Days Per Year
Gen\Magazines With Different Titles\Print
Gen\Percent Of Students <Lang Of Test>
Gen\Free Meals\Breakfast
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Table A.21: Variable Importance the Republic of Korea
Variable
ASBM03A
ASBM03B
ASBG04
ACBG03A
ACBG19
ASBG08
ATBG12B
ASBG10C
ASBG09
ATBG06F
ACBG13BA

Description
Mat\Agree\Usually Do Well In Math
Mat\Agree\Harder For Me Than For Others
Gen\Amount Of Books In Your Home
Gen\Students Background\Economic Disadva
Gen\Years Principal Altogether
Gen\About How Often Absent From School
Gen\Number Of Std In <4th Grade>
Gen\Use Computer Tablet For Homework\Other
Gen\How Often Breakfast On School Days
Gen\Characterize\Parental Involvement
Gen\Magazines With Different Titles\Print

ACBG08A
ASBG12E
ASBG11E
ASBS04C
ATBG03
ASBG03
ACBG06B
ATBG09D
ATBG14D
ATBG13
ACBG06A
ACBG12A

Gen\Instructional Days Per Year
Gen\How Often\Hurt By Others
Gen\Agree\Teachers Fair
Sci\Agree\Science Is Boring
Gen\Age Of Teacher
Gen\Often Speak <Lang Of Test> At Home
Gen\Free Meals\Lunch
Gen\Interactions Teachers\Visits
Gen\How Often\Beyond Instruction
Gen\Language Difficulties
Gen\Free Meals\Breakfast
Gen\Existing Science Laboratory
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Table A.22: Variable Importance the United States
Variable
ASBM03B
ASBM03A
ACBG03A
ASBG04
ASBG10C
ACBG19
ACBG13BA
ASBG08
ACBG08A
ASBG11E
ATBG12B

Description
Mat\Agree\Harder For Me Than For Others
Mat\Agree\Usually Do Well In Math
Gen\Students Background\Economic Disadva
Gen\Amount Of Books In Your Home
Gen\Use Computer Tablet For Homework\Other
Gen\Years Principal Altogether
Gen\Magazines With Different Titles\Print
Gen\About How Often Absent From School
Gen\Instructional Days Per Year
Gen\Agree\Teachers Fair
Gen\Number Of Std In <4th Grade>

ASBS04C
ACBG06A
ASBG03
ASBG09
ASBG12E
ATBG06F
ATBG13
ACBG12A
ATBG03
ACBG06B
ATBG09D
ATBG14D

Sci\Agree\Science Is Boring
Gen\Free Meals\Breakfast
Gen\Often Speak <Lang Of Test> At Home
Gen\How Often Breakfast On School Days
Gen\How Often\Hurt By Others
Gen\Characterize\Parental Involvement
Gen\Language Difficulties
Gen\Existing Science Laboratory
Gen\Age Of Teacher
Gen\Free Meals\Lunch
Gen\Interactions Teachers\Visits
Gen\How Often\Beyond Instruction
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Table 4.23: Variable Importance Germany
Variable
ASBG04
ASBM03B
ASBM03A
ACBG08A
ACBG03A
ACBG19
ATBG12B
ASBG12E
ASBG11E
ASBG09
ASBG10C

Description
Gen\Amount Of Books In Your Home
Mat\Agree\Harder For Me Than For Others
Mat\Agree\Usually Do Well In Math
Gen\Instructional Days Per Year
Gen\Students Background\Economic Disadva
Gen\Years Principal Altogether
Gen\Number Of Std In <4th Grade>
Gen\How Often\Hurt By Others
Gen\Agree\Teachers Fair
Gen\How Often Breakfast On School Days
Gen\Use Computer Tablet For Homework\Other

ASBS04C
ASBG08
ASBG03
ACBG13BA
ATBG06F
ACBG06B
ACBG06A
ATBG13
ACBG12A
ATBG03
ATBG09D
ATBG14D

Sci\Agree\Science Is Boring
Gen\About How Often Absent From School
Gen\Often Speak <Lang Of Test> At Home
Gen\Magazines With Different Titles\Print
Gen\Characterize\Parental Involvement
Gen\Free Meals\Lunch
Gen\Free Meals\Breakfast
Gen\Language Difficulties
Gen\Existing Science Laboratory
Gen\Age Of Teacher
Gen\Interactions Teachers\Visits
Gen\How Often\Beyond Instruction
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Table 4.24: Variable Importance Kuwait
Variable
ASBG04
ASBG09
ASBG10C
ACBG19
ASBM03A
ACBG08A
ASBG11E
ASBG12E
ASBS04C
ASBG08
ACBG13BA

Description
Gen\Amount Of Books In Your Home
Gen\How Often Breakfast On School Days
Gen\Use Computer Tablet For Homework\Other
Gen\Years Principal Altogether
Mat\Agree\Usually Do Well In Math
Gen\Instructional Days Per Year
Gen\Agree\Teachers Fair
Gen\How Often\Hurt By Others
Sci\Agree\Science Is Boring
Gen\About How Often Absent From School
Gen\Magazines With Different Titles\Print

ATBG13
ASBG03
ASBM03B
ATBG09D
ATBG03
ATBG12B
ACBG03A
ATBG14D
ATBG06F
ACBG12A
ACBG06B
ACBG06A

Gen\Language Difficulties
Gen\Often Speak <Lang Of Test> At Home
Mat\Agree\Harder For Me Than For Others
Gen\Interactions Teachers\Visits
Gen\Age Of Teacher
Gen\Number Of Std In <4th Grade>
Gen\Students Background\Economic Disadva
Gen\How Often\Beyond Instruction
Gen\Characterize\Parental Involvement
Gen\Existing Science Laboratory
Gen\Free Meals\Lunch
Gen\Free Meals\Breakfast
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Table A.25: Variable Importance Kazakhstan
Variable
ASBG11E
ACBG19
ACBG12A
ACBG03A
ACBG06B
ACBG08A
ASBG04
ASBG10C
ATBG06F
ATBG14D
ATBG03

Description
Gen\Agree\Teachers Fair
Gen\Years Principal Altogether
Gen\Existing Science Laboratory
Gen\Students Background\Economic Disadva
Gen\Free Meals\Lunch
Gen\Instructional Days Per Year
Gen\Amount Of Books In Your Home
Gen\Use Computer Tablet For Homework\Other
Gen\Characterize\Parental Involvement
Gen\How Often\Beyond Instruction
Gen\Age Of Teacher

ASBG09
ACBG06A
ASBM03A
ASBS04C
ASBG08
ATBG12B
ATBG09D
ASBG03
ASBG12E
ATBG13
ACBG13BA
ASBM03B

Gen\How Often Breakfast On School Days
Gen\Free Meals\Breakfast
Mat\Agree\Usually Do Well In Math
Sci\Agree\Science Is Boring
Gen\About How Often Absent From School
Gen\Number Of Std In <4th Grade>
Gen\Interactions Teachers\Visits
Gen\Often Speak <Lang Of Test> At Home
Gen\How Often\Hurt By Others
Gen\Language Difficulties
Gen\Magazines With Different Titles\Print
Mat\Agree\Harder For Me Than For Others
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Table A.26: Sort by the Republic of Korea

1
2
14
15
5
13
6
4
8
21
17
18
10
12
9
22
16
3
20
19
11
23
7

Variable
ASBM03A
ASBM03B
ASBG04
ACBG03A
ACBG19
ASBG08
ATBG12B
ASBG10C
ASBG09
ATBG06F
ACBG13BA
ACBG08A
ASBG12E
ASBG11E
ASBS04C
ATBG03
ASBG03
ACBG06B
ATBG09D
ATBG14D
ATBG13
ACBG06A
ACBG12A

Description
Mat\Agree\Usually Do Well In Math
Mat\Agree\Harder For Me Than For Others
Gen\Amount Of Books In Your Home
Gen\Students Background\Economic Disadva
Gen\Years Principal Altogether
Gen\About How Often Absent From School
Gen\Number Of Std In <4th Grade>
Gen\Use Computer Tablet For Homework\Other
Gen\How Often Breakfast On School Days
Gen\Characterize\Parental Involvement
Gen\Magazines With Different Titles\Print
Gen\Instructional Days Per Year
Gen\How Often\Hurt By Others
Gen\Agree\Teachers Fair
Sci\Agree\Science Is Boring
Gen\Age Of Teacher
Gen\Often Speak <Lang Of Test> At Home
Gen\Free Meals\Lunch
Gen\Interactions Teachers\Visits
Gen\How Often\Beyond Instruction
Gen\Language Difficulties
Gen\Free Meals\Breakfast
Gen\Existing Science Laboratory
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KO US GE KU KA
1
2
3
5 14
2
1
2 14 23
3
4
1
1
7
4
3
5 18
4
5
6
6
4
2
6
8 13 10 16
7 11
7 17 17
8
5 11
3
8
9 15 10
2 12
10 17 16 20
9
11
7 15 11 22
12
9
4
6
6
13 16
8
8 20
14 10
9
7
1
15 12 12
9 15
16 20 21 16 11
17 14 14 13 19
18 21 17 22
5
19 22 22 15 18
20 23 23 19 10
21 18 19 12 21
22 13 18 23 13
23 19 20 21
3

Table A.27 Sort by United States

2
1
15
14
4
5
17
13
18
12
6
9
23
16
8
10
21
11
7
22
3
20
19

Variable
ASBM03B
ASBM03A
ACBG03A
ASBG04
ASBG10C
ACBG19
ACBG13BA
ASBG08
ACBG08A
ASBG11E
ATBG12B
ASBS04C
ACBG06A
ASBG03
ASBG09
ASBG12E
ATBG06F
ATBG13
ACBG12A
ATBG03
ACBG06B
ATBG09D
ATBG14D

Description
Mat\Agree\Harder For Me Than For Others
Mat\Agree\Usually Do Well In Math
Gen\Students Background\Economic Disadva
Gen\Amount Of Books In Your Home
Gen\Use Computer Tablet For Homework\Other
Gen\Years Principal Altogether
Gen\Magazines With Different Titles\Print
Gen\About How Often Absent From School
Gen\Instructional Days Per Year
Gen\Agree\Teachers Fair
Gen\Number Of Std In <4th Grade>
Sci\Agree\Science Is Boring
Gen\Free Meals\Breakfast
Gen\Often Speak <Lang Of Test> At Home
Gen\How Often Breakfast On School Days
Gen\How Often\Hurt By Others
Gen\Characterize\Parental Involvement
Gen\Language Difficulties
Gen\Existing Science Laboratory
Gen\Age Of Teacher
Gen\Free Meals\Lunch
Gen\Interactions Teachers\Visits
Gen\How Often\Beyond Instruction
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KO US GE KU KA
2
1
2
14
23
1
2
3
5
14
4
3
5
18
4
3
4
1
1
7
8
5 11
3
8
5
6
6
4
2
11
7 15
11
22
6
8 13
10
16
12
9
4
6
6
14 10
9
7
1
7 11
7
17
17
15 12 12
9
15
22 13 18
23
13
17 14 14
13
19
9 15 10
2
12
13 16
8
8
20
10 17 16
20
9
21 18 19
12
21
23 19 20
21
3
16 20 21
16
11
18 21 17
22
5
19 22 22
15
18
20 23 23
19
10

Table A.28: Sort by Germany
14
2
1
18
15
5
6
10
12
8
4
9
13
16
17
21
3
23
11
7
22
20
19

Variable
ASBG04
ASBM03B
ASBM03A
ACBG08A
ACBG03A
ACBG19
ATBG12B
ASBG12E
ASBG11E
ASBG09
ASBG10C
ASBS04C
ASBG08
ASBG03
ACBG13BA
ATBG06F
ACBG06B
ACBG06A
ATBG13
ACBG12A
ATBG03
ATBG09D
ATBG14D

Description
Gen\Amount Of Books In Your Home
Mat\Agree\Harder For Me Than For Others
Mat\Agree\Usually Do Well In Math
Gen\Instructional Days Per Year
Gen\Students Background\Economic Disadva
Gen\Years Principal Altogether
Gen\Number Of Std In <4th Grade>
Gen\How Often\Hurt By Others
Gen\Agree\Teachers Fair
Gen\How Often Breakfast On School Days
Gen\Use Computer Tablet For Homework\Other
Sci\Agree\Science Is Boring
Gen\About How Often Absent From School
Gen\Often Speak <Lang Of Test> At Home
Gen\Magazines With Different Titles\Print
Gen\Characterize\Parental Involvement
Gen\Free Meals\Lunch
Gen\Free Meals\Breakfast
Gen\Language Difficulties
Gen\Existing Science Laboratory
Gen\Age Of Teacher
Gen\Interactions Teachers\Visits
Gen\How Often\Beyond Instruction
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KO US GE KU KA
3
4
1
1
7
2
1
2 14 23
1
2
3
5 14
12
9
4
6
6
4
3
5 18
4
5
6
6
4
2
7 11
7 17 17
13 16
8
8 20
14 10
9
7
1
9 15 10
2 12
8
5 11
3
8
15 12 12
9 15
6
8 13 10 16
17 14 14 13 19
11
7 15 11 22
10 17 16 20
9
18 21 17 22
5
22 13 18 23 13
21 18 19 12 21
23 19 20 21
3
16 20 21 16 11
19 22 22 15 18
20 23 23 19 10

Table A.29: Sort by Kazakhstan
12
5
7
15
3
18
14
4
21
19
22
8
23
1
9
13
6
20
16
10
11
17
2

Variable
ASBG11E
ACBG19
ACBG12A
ACBG03A
ACBG06B
ACBG08A
ASBG04
ASBG10C
ATBG06F
ATBG14D
ATBG03
ASBG09
ACBG06A
ASBM03A
ASBS04C
ASBG08
ATBG12B
ATBG09D
ASBG03
ASBG12E
ATBG13
ACBG13BA
ASBM03B

Description
Gen\Agree\Teachers Fair
Gen\Years Principal Altogether
Gen\Existing Science Laboratory
Gen\Students Background\Economic Disadva
Gen\Free Meals\Lunch
Gen\Instructional Days Per Year
Gen\Amount Of Books In Your Home
Gen\Use Computer Tablet For Homework\Other
Gen\Characterize\Parental Involvement
Gen\How Often\Beyond Instruction
Gen\Age Of Teacher
Gen\How Often Breakfast On School Days
Gen\Free Meals\Breakfast
Mat\Agree\Usually Do Well In Math
Sci\Agree\Science Is Boring
Gen\About How Often Absent From School
Gen\Number Of Std In <4th Grade>
Gen\Interactions Teachers\Visits
Gen\Often Speak <Lang Of Test> At Home
Gen\How Often\Hurt By Others
Gen\Language Difficulties
Gen\Magazines With Different Titles\Print
Mat\Agree\Harder For Me Than For Others
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KO US GE KU KA
14 10
9
7
1
5
6
6
4
2
23 19 20 21
3
4
3
5 18
4
18 21 17 22
5
12
9
4
6
6
3
4
1
1
7
8
5 11
3
8
10 17 16 20
9
20 23 23 19 10
16 20 21 16 11
9 15 10
2 12
22 13 18 23 13
1
2
3
5 14
15 12 12
9 15
6
8 13 10 16
7 11
7 17 17
19 22 22 15 18
17 14 14 13 19
13 16
8
8 20
21 18 19 12 21
11
7 15 11 22
2
1
2 14 23

Table A.30: Correlation Table the Republic of Korea
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Table A.31: Correlation Table the United States
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Table A.32: Correlation Table Germany
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Table A.33: Correlation Table Kuwait

181

Table A.34: Correlation Table Kazakhstan
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Appendix B

Figure B.1: Student Questionnaire Baseline Correlation Plot
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Figure B.2: Predicted versus Observed mtry 9

Figure B.3: Student Prelim Plausible Value 2
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Figure B.4: Student Prelim Plausible Value 3

Figure B.5: Student Prelim Plausible Value 4
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Figure B.6: Student Prelim Plausible Value 5

Figure B.7: Error Rates
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Figure B.8: Predicted versus Observed MSE mtry 3

Figure B.9: Predicted versus Observed MSE mtry 5
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Figure B.10 Predicted versus Observed MSE mtry 4

Figure B.11: Error Rate GINI
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Figure B.12: Predicted versus Observed GINI mtry 3

Figure B.13: Predicted versus Observed GINI mtry 5
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Figure B.14: Predicted versus Observed GINI mtry 4

Figure B.15: Student Plausible Value 2
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Figure B.16: Student Plausible Value 3

Figure B.17: Student Plausible Value 4

191

Figure B.18: Student Plausible Value 5

192

Figure B.19: Teacher Questionnaire Baseline Correlation Plot
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Figure B.20: Teacher Questionnaire Error Plot

Figure B.21: Predicted versus Observed mtry 15
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Figure B.22: Predicted versus Observed mtry 16
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Figure B.23 Teacher Variable Importance Chart by GINI

196

Figure B.24: Teacher Prelim Plausible Value 1

Figure B.25: Teacher Prelim Plausible Value 2
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Figure B.26: Teacher Prelim Plausible Value 3

Figure B.27: Teacher Prelim Plausible Value 4
198

Figure B.28: Teacher Prelim Plausible Value 5

Figure B.29: Error Rates MSE
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Figure B.30: Predicted versus Observed MSE mtry 3

Figure B.31: Predicted versus Observed MSE mtry 5
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Figure B.32: Predicted versus Observed MSE mtry 4

Figure B.33: Error Rate GINI
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Figure B.34: Predicted versus Observed GINI mtry 3

Figure B.35: Predicted versus Observed GINI mtry 5
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Figure B.36: Predicted versus Observed GINI mtry 4

203

Figure B.37: Student Questionnaire Baseline Correlation Plot
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Figure B.38: Student Questionnaire Error Plot

Figure B.39: Predicted versus Observed mtry 10
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Figure B.40: Predicted versus Observed mtry 12

206

Figure B.41: School Variable Importance Chart by GINI
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Figure B.42: School Prelim Plausible Value 2

Figure B.43: School Prelim Plausible Value 3

208

Figure B.44: School Prelim Plausible Value 4

Figure B.45: School Prelim Plausible Value 5

209

Figure B.46: Error Rates for MSE Reduction

Figure B.47: Predicted versus Observed MSE mtry 3
210

Figure B.48: Predicted versus Observed MSE mtry 4

Figure B.49: Error Rates GINI Reduction
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Figure B.50: Predicted versus Observed MSE mtry 3

Figure B.51: Predicted versus Observed MSE mtry 4
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Figure B.52: School Reduced Plausible Value 2

Figure B.53: School Reduced Plausible Value 3
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Figure B.54: School Reduced Plausible Value 4

Figure B.55: School Reduced Plausible Value 5
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Figure B.56: Collective Plausible Value 2

Figure B.57: Collective Plausible Value 3
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Figure B.58: Collective Plausible Value 4

Figure B.59: Collective Plausible Value 5
216

Figure B.60: The Republic of Korea Plausible Value 2

Figure B.61: The Republic of Korea Plausible Value 3
217

Figure B.62: The Republic of Korea Plausible Value 4

Figure B.63: The Republic of Korea Plausible Value 5
218

Figure B.64: The United States Plausible Value 2

Figure B.65: The United States Plausible Value 3
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Figure B.66: The United States Plausible Value 4

Figure B.67: The United States Plausible Value 5
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Figure B.68: Germany Plausible Value 2

Figure B.69: Germany Plausible Value 3
221

Figure B.70: Germany Plausible Value 4

Figure B.71: Germany Plausible Value 5
222

Figure B.72: Kuwait Plausible Value 2

Figure B.73: Kuwait Plausible Value 3
223

Figure B.74: Kuwait Plausible Value 4

Figure B.75: Kuwait Plausible Value 5
224

Figure B.76: Kazakhstan Plausible Value 2

Figure B.77: Kazakhstan Plausible Value 3
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Figure B.78: Kazakhstan Plausible Value 4

Figure B.79: Kazakhstan Plausible Value 5
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Figure B.80: Correlation Plot the Republic of Korea
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Figure B.81: Correlation Plot the United States

228

Figure B.82: Correlation Plot Germany

229

Figure B.83: Correlation Plot Kuwait
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Figure B.84: Correlation Plot Kazakhstan
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Appendix C
#============================================================
# Rattle is Copyright (c) 2006-2017 Togaware Pty Ltd.
# It is open source software and is freely available.
# It is licensed under the GNU General Public License,
# Version 2. Rattle comes with ABSOLUTELY NO WARRANTY.
# Rattle was written by Graham Williams with contributions
# from others as acknowledged in 'library(help=rattle)'.
# Visit https://rattle.togaware.com/ for details.
#============================================================
# Rattle version 5.1.0 user 'Annette'
# This log captures Rattle interactions as an R script.
# For repeatability export this log of all activity to a
# file using the Export button or the Tools menu. This
# script can serve as a starting point for developing your
# own scripts. Exporting to a file called 'model.R' will
# allow you to type into a new R Console the command
#"source('model.R')" and so repeat all actions. Generally,
# you will want to edit the file to suit your own needs.
# You can also edit this log in place to record additional
# information before exporting the script.
# Note that saving/loading projects retains this log.
# We begin most scripts by loading the required packages.
# Here are some initial packages to load and others will be
# identified as we proceed through the script. When writing
# our own scripts we often collect together the library
# commands at the beginning of the script here.
library(rattle) # Access weather dataset and utilities.
library(magrittr) # For the %>% and %<>% pipeline operators.
# This log generally records the process of building a model.
# However, with very little effort the log can also be used
# to score a new dataset. The logical variable 'building'
# is used to toggle between generating transformations,
# when building a model and using the transformations,
# when scoring a dataset.
building <- TRUE
scoring <- ! building
# A pre-defined value is used to reset the random seed
# so that results are repeatable.
crv$seed <- 42
#============================================================
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# Load the dataset from file.
fname <- "file:///G:/TIMSS2015/Merged files/StudentBG.csv"
crs$dataset <- read.csv(fname,
na.strings=c(".", "NA", "", "?"),
strip.white=TRUE, encoding="UTF-8")
#============================================================
# Note the user selections.
# Build the train/validate/test datasets.
# nobs=26941 train=18858 validate=4041 test=4042
set.seed(crv$seed)
crs$nobs <- nrow(crs$dataset)
crs$train <- crs$sample <- sample(crs$nobs, 0.7*crs$nobs)
crs$validate <- sample(setdiff(seq_len(crs$nobs), crs$train), 0.15*crs$nobs)
crs$test <- setdiff(setdiff(seq_len(crs$nobs), crs$train), crs$validate)
# The following variable selections have been noted.
crs$input

<- c("ITSEX", "ASBG01", "ASBG03", "ASBG04", "ASBG05A",
"ASBG05B", "ASBG05C", "ASBG05D", "ASBG05E", "ASBG05F",
"ASBG05G", "ASBG08", "ASBG09", "ASBG10A", "ASBG10B",
"ASBG10C", "ASBG11A", "ASBG11B", "ASBG11C", "ASBG11D",
"ASBG11E", "ASBG11F", "ASBG11G", "ASBG12A", "ASBG12B",
"ASBG12C", "ASBG12D", "ASBG12E", "ASBG12F", "ASBG12G",
"ASBG12H", "ASBM01A", "ASBM01B", "ASBM01C", "ASBM01D",
"ASBM01E", "ASBM01F", "ASBM01G", "ASBM01H", "ASBM01I",
"ASBM02A", "ASBM02B", "ASBM02C", "ASBM02D", "ASBM02E",
"ASBM02F", "ASBM02G", "ASBM02H", "ASBM02I", "ASBM02J",
"ASBM03A", "ASBM03B", "ASBM03C", "ASBM03D", "ASBM03E",
"ASBM03F", "ASBM03G", "ASBM03H", "ASBM03I", "ASBS04A",
"ASBS04B", "ASBS04C", "ASBS04D", "ASBS04E", "ASBS04F",
"ASBS04G", "ASBS04H", "ASBS04I", "ASBS05A", "ASBS05B",
"ASBS05C", "ASBS05D", "ASBS05E", "ASBS05F", "ASBS05G",
"ASBS05H", "ASBS05I", "ASBS05J", "ASBS06A", "ASBS06B",
"ASBS06C", "ASBS06D", "ASBS06E", "ASBS06F", "ASBS06G")

crs$numeric <- c("ITSEX", "ASBG01", "ASBG03", "ASBG04", "ASBG05A",
"ASBG05B", "ASBG05C", "ASBG05D", "ASBG05E", "ASBG05F",
"ASBG05G", "ASBG08", "ASBG09", "ASBG10A", "ASBG10B",
"ASBG10C", "ASBG11A", "ASBG11B", "ASBG11C", "ASBG11D",
"ASBG11E", "ASBG11F", "ASBG11G", "ASBG12A", "ASBG12B",
"ASBG12C", "ASBG12D", "ASBG12E", "ASBG12F", "ASBG12G",
"ASBG12H", "ASBM01A", "ASBM01B", "ASBM01C", "ASBM01D",
"ASBM01E", "ASBM01F", "ASBM01G", "ASBM01H", "ASBM01I",
"ASBM02A", "ASBM02B", "ASBM02C", "ASBM02D", "ASBM02E",
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"ASBM02F", "ASBM02G", "ASBM02H", "ASBM02I", "ASBM02J",
"ASBM03A", "ASBM03B", "ASBM03C", "ASBM03D", "ASBM03E",
"ASBM03F", "ASBM03G", "ASBM03H", "ASBM03I", "ASBS04A",
"ASBS04B", "ASBS04C", "ASBS04D", "ASBS04E", "ASBS04F",
"ASBS04G", "ASBS04H", "ASBS04I", "ASBS05A", "ASBS05B",
"ASBS05C", "ASBS05D", "ASBS05E", "ASBS05F", "ASBS05G",
"ASBS05H", "ASBS05I", "ASBS05J", "ASBS06A", "ASBS06B",
"ASBS06C", "ASBS06D", "ASBS06E", "ASBS06F", "ASBS06G")
crs$categoric <- NULL
crs$target <- "ASMMAT01"
crs$risk
<- NULL
crs$ident <- c("X.U.FEFF.IDCNTRY", "IDBOOK", "IDSCHOOL", "IDCLASS", "IDSTUD",
"IDGRADE")
crs$ignore <- c("ITADMINI", "ITLANG", "ASBG05H", "ASBG05I", "ASBG05J",
"ASBG05K", "ASBG06A", "ASBG06B", "ASBG07", "ITACCOMM1",
"IDPOP", "IDGRADER", "ASDAGE", "TOTWGT", "HOUWGT",
"SENWGT", "WGTADJ1", "WGTADJ2", "WGTADJ3", "WGTFAC1",
"WGTFAC2", "JKZONE", "JKREP", "ASMMAT02", "ASMMAT03",
"ASMMAT04", "ASMMAT05", "ASSSCI01", "ASSSCI02", "ASSSCI03",
"ASSSCI04", "ASSSCI05", "ASMDAT01", "ASMDAT02", "ASMDAT03",
"ASMDAT04", "ASMDAT05", "ASMGEO01", "ASMGEO02", "ASMGEO03",
"ASMGEO04", "ASMGEO05", "ASMNUM01", "ASMNUM02",
"ASMNUM03",
"ASMNUM04", "ASMNUM05", "ASSEAR01", "ASSEAR02", "ASSEAR03",
"ASSEAR04", "ASSEAR05", "ASSLIF01", "ASSLIF02", "ASSLIF03",
"ASSLIF04", "ASSLIF05", "ASSPHY01", "ASSPHY02", "ASSPHY03",
"ASSPHY04", "ASSPHY05", "ASMKNO01", "ASMKNO02", "ASMKNO03",
"ASMKNO04", "ASMKNO05", "ASMAPP01", "ASMAPP02", "ASMAPP03",
"ASMAPP04", "ASMAPP05", "ASMREA01", "ASMREA02", "ASMREA03",
"ASMREA04", "ASMREA05", "ASSKNO01", "ASSKNO02", "ASSKNO03",
"ASSKNO04", "ASSKNO05", "ASSAPP01", "ASSAPP02", "ASSAPP03",
"ASSAPP04", "ASSAPP05", "ASSREA01", "ASSREA02", "ASSREA03",
"ASSREA04", "ASSREA05", "ASMIBM01", "ASMIBM02", "ASMIBM03",
"ASMIBM04", "ASMIBM05", "ASSIBM01", "ASSIBM02", "ASSIBM03",
"ASSIBM04", "ASSIBM05", "ASBGSSB", "ASDGSSB", "ASBGSB",
"ASDGSB", "ASBGSLM", "ASDGSLM", "ASBGEML", "ASDGEML",
"ASBGSCM", "ASDGSCM", "ASBGSLS", "ASDGSLS", "ASBGESL",
"ASDGESL", "ASBGSCS", "ASDGSCS", "ASBGHRL", "ASDGHRL",
"ASDG05S", "ASDMLOWP", "ASDSLOWP", "VERSION", "idbid",
"ILRELIAB")
crs$weights <- "crs$dataset$WGTFAC3"
#============================================================
# The 'Hmisc' package provides the 'contents' function.
library(Hmisc, quietly=TRUE)
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# Obtain a summary of the dataset.
contents(crs$dataset[crs$sample, c(crs$input, crs$risk, crs$target)])
summary(crs$dataset[crs$sample, c(crs$input, crs$risk, crs$target)])
#============================================================
# Generate a correlation plot for the variables.
# The 'corrplot' package provides the 'corrplot' function.
library(corrplot, quietly=TRUE)
# Correlations work for numeric variables only.
crs$cor <- cor(crs$dataset[crs$sample, crs$numeric], use="pairwise", method="pearson")
# Order the correlations by their strength.
crs$ord <- order(crs$cor[1,])
crs$cor <- crs$cor[crs$ord, crs$ord]
# Display the actual correlations.
print(crs$cor)
# Graphically display the correlations.
opar <- par(cex=0.5)
corrplot(crs$cor, mar=c(0,0,1,0))
title(main="Correlation StudentBG.csv using Pearson",
sub=paste("Rattle", format(Sys.time(), "%Y "), Sys.info()))
par(opar)
#============================================================
# Build a Random Forest model using the traditional approach.
set.seed(crv$seed)
crs$rf <- randomForest::randomForest(ASMMAT01 ~ .,
data=crs$dataset[crs$sample, c(crs$input,
crs$target)][rep(row.names(crs$dataset[crs$sample, c(crs$input, crs$target)]),
as.integer(eval(parse(text =
"crs$dataset$WGTFAC3"))[crs$sample])),],
ntree=500,
mtry=9,
importance=TRUE,
na.action=randomForest::na.roughfix,
replace=FALSE)
# Generate textual output of the 'Random Forest' model.
crs$rf
# List the importance of the variables.
rn <- crs$rf %>%
randomForest::importance() %>%
round(2)
rn[order(rn[,1], decreasing=TRUE),]
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# Plot the error rate against the number of trees.
plot(crs$rf, main="")
legend("topright", c(""), text.col=1:6, lty=1:3, col=1:3)
title(main="Error Rates Random Forest StudentBG.csv",
sub=paste("Rattle", format(Sys.time(), "%Y "), Sys.info()))
#============================================================
# Plot the relative importance of the variables.
p <- ggVarImp(crs$rf,
title="Variable Importance Random Forest StudentBG.csv")
p
#============================================================
# Evaluate model performance on the validation dataset.
# RF: Generate a Predicted v Observed plot for rf model on StudentBG.csv [validate].
crs$pr <- predict(crs$rf, newdata=na.omit(crs$dataset[crs$validate, c(crs$input, crs$target)]))
# Record rows omitted from predict command.
omitted <- attr(na.omit(crs$dataset[crs$validate, c(crs$input, crs$target)]), "na.action")
# Obtain the observed output for the dataset.
obs <- subset(crs$dataset[crs$validate,][-omitted,], select=crs$target)
# Handle in case categoric target treated as numeric.
obs.rownames <- rownames(obs)
obs <- as.numeric(obs[[1]])
obs <- data.frame(ASMMAT01=obs)
rownames(obs) <- obs.rownames
# Combine the observed values with the predicted.
fitpoints <- na.omit(cbind(obs, Predicted=crs$pr))
# Obtain the pseudo R2 - a correlation.
fitcorr <- format(cor(fitpoints[,1], fitpoints[,2])^2, digits=4)
# Plot settings for the true points and best fit.
op <- par(c(lty="solid", col="blue"))
# Display the observed (X) versus predicted (Y) points.
plot(fitpoints[[1]], fitpoints[[2]], asp=1, xlab="Observed", ylab="Predicted")
# Generate a simple linear fit between predicted and observed.
prline <- lm(fitpoints[,2] ~ fitpoints[,1])
# Add the linear fit to the plot.
abline(prline)
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# Add a diagonal representing perfect correlation.
par(c(lty="dashed", col="black"))
abline(0, 1)
# Include a pseudo R-square on the plot
legend("bottomright", sprintf(" Pseudo R-square=%s ", fitcorr), bty="n")
# Add a title and grid to the plot.
title(main="Predicted vs. Observed StudentBG.csv [validate]",
sub=paste("Rattle", format(Sys.time(), "%Y "), Sys.info()))
grid()
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